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LEGAL NOTICE

Copyright & Disclaimer

B Copyright Notice & Terms of Use

© 2026 Damabytes. All rights reserved.
Published by Damabytes (https://damabytes.com/).

No part of this publication may be reproduced, stored in a retrieval system, or transmitted in any
form or by any means—electronic, mechanical, photocopying, recording, scanning, or otherwise
—without the prior written permission of Damabytes.

Disclaimer: This guide is provided for educational and informational purposes only. While every
effort has been made to ensure accuracy, neither the author nor Damabytes shall be held liable
for any decisions, actions, or commercial outcomes resulting from the application of concepts
described herein.
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GETTING STARTED

Introduction

Let's start with an honest question.

When you hear the words "machine learning," what do you feel?
For a lot of marketers, it's something like this:

"That sounds complicated.”

"That's for engineers, not for me."
“I'll never understand the math."

If that's you, take a breath. You're going to be fine.

This Book Was Not Written for Engineers

This book was written for you.

The marketer who runs Facebook Ads.

The marketer who sends emails.

The marketer who manages a CRM.

The marketer who has spent years understanding customers, funnels, and campaigns — but
never touched a machine learning model.

You already know more than you think. You already think in patterns. You already know that a
customer who opens every email is different from one who never opens any. You already
know that a lead who fills a form at 1pm behaves differently from one who fills it during work
hours.

That instinct? That's the beginning of data science. This book simply gives that instinct a

name, a method, and a few simple tools.

Meet Your Guides
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Throughout this book, you'll follow four marketers:

2

Rahul
Runs digital marketing for an online furniture store

2

Priya
Growth Manager at a SaaS company

2

Arjun

Founder of a small D2C skincare brand

2

Neha
Marketing Manager at a B2B company
They are not real people. But their problems are very real. You've probably faced some of

these problems yourself:

e Too many leads, not enough time.
o Customers leaving, with no warning.

o A budget that's spread too thin, too evenly.

Every chapter follows one of them as they run into a problem, ask a question, and slowly find
an answer. You'll learn the concepts the same way they do. Step by step. No rush.

What This Book Will NOT Do

Let's be clear about what this book is not. This is not a textbook. There are no equations to
memorize. There is no test at the end. This book will not turn you into a data scientist in ten

chapters. Nobody can promise that, and anyone who does is not being honest with you.

A, Onelmportant Warning

If you're looking for deep mathematical theory, PhD-level detail, or a step-by-step guide to
building production-grade Al systems, this isn't that book. There are excellent, dense
textbooks for that. This isn't one of them, on purpose.
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What This Book WILL Do

This book will help you understand, in plain English, what machine learning can actually do for
your marketing. It will help you know which questions to ask a data scientist, a freelancer, or
an Al tool. It will help you recognize opportunities in your own work. "Oh, this is a churn
problem." "Oh, this is a lead scoring problem."

It will help you look at your own customer data with new eyes. And by the end, when someone
says "predictive model," "clustering," or "attribution," you won't freeze. You'll nod. Because
you'll understand exactly what they mean.

# Remember

You are not reading this book to become a machine learning engineer. You are reading this
book to become a smarter, sharper, more confident marketer.

How to Read This Book

You don't need to read this cover to cover in one sitting. Each chapter stands mostly on its
own, built around one clear idea and one marketer's story. If you're dealing with customer
churn right now, feel free to jump straight to Chapter 5. If lead scoring is your problem, go to
Chapter 4.

But if this is your first time exploring this topic, we'd suggest reading in order. The chapters

build on each other, gently.
Along the way, you'll see a few recurring boxes:

You don't need to do the exercises. You don't need to memorize the boxes. They're there to

help, not to test you.

One Last Thing, Before We Begin

Machine learning is not about replacing your judgment as a marketer. It's about giving your
judgment better information to work with. You already know your customers. You already
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know your business. Machine learning simply helps you see patterns that are too big, too

subtle, or too scattered across too much data for any one person to notice on their own.

That's all it is. Not magic. Not a replacement for you. Just a very smart assistant, waiting to be

put to work.

Let's go meet Rahul. He has 40,000 customers, and a problem he can't quite solve yet.

Let's begin.

v/ Introduction Summary

e You do not need to learn coding or math to benefit from predictive marketing.

¢ Machine learning is a tool to improve your decisions, not replace your judgment.

e Four main personas (Rahul, Priya, Arjun, Neha) will guide you through real problems.

® 6 Quick Q&As — Introduction

Q1: Do | need coding skills for this book?

No. The book focuses on strategy, concepts,
and decision-making.

Q3: What is data science in marketing?

Finding patterns in historical customer data
to predict future behavior.

Q5: What is the biggest mistake
marketers make with Al?

Trying to solve everything at once without a
clear question.

© 2026 Damabytes (https://damabytes.com/). All rights reserved.

Q2: Is machine learning a replacement for

human marketers?

No. It acts as a smart assistant giving you
better data.

Q4: Can small businesses use predictive

marketing?

Yes, even simple spreadsheets and rule-
based systems work.

Q6: How should I read this book?

In sequence or jump directly to the chapter
solving your biggest current problem.
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CORE CONCEPT

Chapter1- Why Every Marketer Needs a
Little Data Science

Meet Rahul. Rahul runs digital marketing for an online furniture store. His team has 40,000
customers. Every month, they send offers to almost everyone. But there is a problem. Most
customers do not buy. Some customers buy without any discount. Some customers need a
small push. And some customers have already stopped buying. Rahul spends the same
budget on all of them. Same email. Same discount. Same ad. He knows something is wrong
with this. But he doesn't know what to do differently.

Meet Priya. Priya is a Growth Manager at a SaaS company. Every month, some customers
cancel their subscription. Priya finds out only after they've already left. By then, it's too late to
do anything. She keeps asking herself: "Could | have seen this coming?"

Meet Arjun. Arjun runs a small D2C skincare brand. He has thousands of customers. But he
treats them all the same way. New customers. Loyal customers. One-time buyers. Same
newsletter. Same offers. Same message. Arjun has a feeling that some of these customers are

very different from each other. He just doesn't know how to tell them apart.

Meet Neha. Neha is a Marketing Manager at a B2B company. Her sales team gets 500 new
leads every month. But they can only follow up with 50 of them properly. So how do they pick
which 507 Right now, they just pick whoever responds first. Neha thinks there might be a
better way.
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Think About This

=

Have you ever felt like Rahul, Priya, Arjun, or Neha?
Sending the same message to everyone.

Finding out about a problem too late.

Guessing instead of knowing.

If yes, this book is for you.

The Same Problem, Four Different Ways

Rahul, Priya, Arjun, and Neha all have the same problem. They have a lot of data. But they are
not using it to make decisions.

They are guessing. And guessing is expensive. Every wrong guess costs money:

¢ A discount sent to a customer who didn't need it.
» A customer who leaves without any warning.

¢ A sales call wasted on the wrong lead.

Let's ask a simple question: What if you didn't have to guess?

What If You Could See What's Coming?

This is where machine learning comes in. Don't worry. We are not going to jump into
complicated math. Here is the basic idea:

1. Machine learning looks at what happened in the past.
2. It finds patterns in that data.

3. Then it uses those patterns to make a guess about the future.

A much better guess than a random one. That's it. That's the whole idea.
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€) Simple Explanation

Think about a shop owner who has worked in the same market for 20 years. Customer
walks in. Shop owner takes one look and says: "This one is just browsing." "This one is
ready to buy." How does the shop owner know this? Experience. They've seen thousands
of customers before. They noticed patterns without even realizing it. Machine learning
does something similar. Except it can look at millions of customers, not just a few
thousand. And it never gets tired.

What Machine Learning Can Do for Rahul, Priya, Arjun, and Neha
Let's go back to our four marketers.

Rahul wants to know which customers are likely to buy. Machine learning can give every
customer a score. A high score means "likely to buy." A low score means "not right now."

Priya wants to know which customers might cancel. Machine learning can flag customers who
are showing early warning signs. Before they leave. Not after.

Arjun wants to understand his different types of customers. Machine learning can group
similar customers together automatically. No manual sorting needed.

Neha wants to know which leads are worth calling first. Machine learning can rank her 500

leads. So her sales team spends time on the best ones.

@& Marketing Example

Imagine you are running Facebook Ads. You have 100,000 customers. You cannot give the
same message to everyone. Some customers are new. Some are loyal. Some have not
purchased in six months. Some have purchased five times. Machine learning can help you
understand these groups, and speak to each one differently.

You Don't Need to Become a Data Scientist

Here is something important. This book will not turn you into a data scientist. You don't need

to write code to benefit from this book. You don't need to remember formulas. You need
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something else: You need to understand what's possible. You need to know what questions to

ask. You need to know what data to collect.

The technical work can be done by a data scientist, a freelancer, or even a tool. But someone

needs to know what to ask for. That someone can be you.

A, Onelmportant Warning

Machine learning is not magic. It cannot predict the future with 100% certainty. It cannot
fix bad data. And it cannot replace good marketing judgment. Think of it as a very smart
assistant. Not a replacement for you.

What's Coming Next

In the next chapter, we'll open up the idea of machine learning a little more. No math. No code
yet. Just a clear, simple explanation of how it actually works. Because before Rahul can
predict who will buy, before Priya can predict who will leave, and before Arjun can group his
customers — they all need to understand one thing first: How does a machine actually learn?

Let's find out.

# Remember

e Machine learning finds patterns in past data and uses them to make predictions about
the future.

e You don't need to code or do math to use this book. You need to understand what's
possible.

e Every marketer in this book has the same core problem: too much data, not enough
decisions.

v Chapter 1Quick Summary

e Guessing costs money through wasted ad spend and lost customers.
¢ Machine learning turns past data into probabilities about future behavior.

e Marketers don't need to build algorithms—they need to know what questions to ask.
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® 6 Quick Q&As — Chapter]

Q1: Why is guessing expensive in
marketing?

It wastes discounts on ready buyers and
misses churn signals.

Q3: What is Rahul's primary marketing
problem?

Sending the exact same discount to all
40,000 customers.

Q5: Do | need complex math to use

machine learning?

No, software handles calculations; you
define business goals.

© 2026 Damabytes (https://damabytes.com/). All rights reserved.

Predict More Sales with Machine Learning

Q2: What does machine learning actually
do?

It analyzes historical patterns to calculate
future probabilities.

Q4: What is Priya's subscription
challenge?

Discovering customer cancellations only
after they happen.

Q6: What is a marketer's main role in data

science?

Defining clear questions and connecting
predictions to actions.

Page 14 of 90



DAMABYTES EXECUTIVE E-BOOK Predict More Sales with Machine Learning

CORE CONCEPT

Chapter 2 - What Machine Learning
Actually Is (No Math Required)

Rahul is sitting with his laptop. He types "machine learning" into Google. The first article he

opens says this:

"Machine learning is a subset of artificial intelligence that uses algorithms trained on data to

make predictions or decisions without being explicitly programmed.”

Rahul closes the tab. "l have no idea what that means," he says out loud. Don't worry, Rahul.
Let's fix that.

Let's Start With Something You Already Know

Let's imagine you are training a new person on your marketing team. Let's call her Ritu. Ritu

has never seen your leads before. So what do you do? You show her old leads.

"This lead bought from us within a week. This lead never replied. This lead asked for a

discount and then disappeared." You show her ten examples. Then twenty. Then fifty.

After a while, something happens. Ritu starts noticing patterns on her own: "Leads who ask
about pricing on the first call are more serious." "Leads who take more than three days to
reply usually go cold." Nobody explicitly told her these things. She figured them out by looking

at enough examples.

# Remember

That is exactly what machine learning does. It looks at old examples. It finds patterns. Then
it uses those patterns on new examples it hasn't seen before.

The Three Ingredients of Machine Learning
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Every machine learning system needs three simple things:

1.1. Data: This is the past. Old customers. Old leads. Old campaigns. Old outcomes.

2. 2. A Question: What do you actually want to know? "Will this customer buy?" "Will this customer

cancel?" "Which group does this customer belong to?"

3. 3. A Model: This is the part that studies the data and learns the pattern. Think of it as Ritu. It's

the "learner."

Let's slow down for a moment and look at each one.

Ingredient 1: Data

Let's go back to Rahul. His furniture store has 40,000 customers. For each customer, he might

have information like:

How many times they've visited the website

How many products they've viewed

Whether they've added anything to cart

How long since their last purchase

Whether they opened the last five emails

Whether they clicked on an ad

Each of these pieces of information is called a feature.

€) Simple Explanation

A feature sounds like a technical word. It really isn't. A feature is just one piece of
information about a customer. "Number of visits" is a feature. "Days since last purchase" is
a feature. That's all a feature is. One small fact. The model looks at many features together,
for many customers, to find patterns.

Ingredient 2: A Question

Here's something important. Machine learning doesn't magically know what you want. You
have to ask it a clear question. "Will this customer buy in the next 30 days?" is a clear
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question. "Help me with marketing" is not a clear question.

@ Marketing Example

Priya, at her SaaS company, doesn't ask the model "help me understand my customers."
She asks something specific: "Will this customer cancel their subscription in the next 60
days?" That's a question a model can actually work with. The clearer your question, the

better your model.

Ingredient 3: A Model

Now here's the part that scares people. The word "model." Let's remove the fear. A model is
just a set of rules the computer builds by studying data. Think about it like this: Imagine you
ask ten experienced salespeople: "Looking at this lead's information, do you think they'll
buy?" Each salesperson has their own instinct, built from years of experience. A model is like
that instinct — except it was built by studying thousands, or even millions, of past examples

very carefully, and it can apply that instinct instantly, every single time.

., Onelmportant Warning

A model is not perfect. It is not psychic. It doesn't know the future. It makes an educated
guess, based on patterns from the past. Sometimes it will be wrong. Just like an
experienced salesperson is sometimes wrong. But on average, across thousands of
customers, it will be right far more often than a random guess.

Let's Watch This Happen, Step by Step
Let's put this together using Rahul's problem:

1. Step 1: Rahul collects data. He pulls information on 40,000 past customers. For each one, he

knows whether they bought something in the last 30 days or not.
2. Step 2: Rahul defines the question. "Will this customer buy something in the next 30 days?"

3. Step 3: The model studies the data. It looks at all 40,000 customers. It notices things like:
"Customers who visited more than 5 times and added something to cart usually bought within
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30 days." "Customers who haven't visited in 90 days rarely buy." The model isn't told these

rules. It finds them on its own by studying the data.

4. Step 4: The model makes predictions on new customers. Now, when a new customer visits the
site, the model looks at their behavior and gives a score: "This customer has an 82% chance of
buying in the next 30 days." "This customer has a 12% chance."

Think About This

E

If you had this score for every customer today, what would you do differently? Would you
spend the same ad budget on both customers? Would you send the same email to both?
Probably not. And that's exactly the point.

Two Words You'll See Often: Training and Prediction

You'll come across these two words throughout this book. Let's define them simply, right now:

Training is when the model studies old data and learns the patterns. This happens once, or

gets refreshed occasionally.

Prediction is when the model uses what it learned to make a guess about something new. This

can happen thousands of times a day, instantly.

€ Simple Explanation

Think of training like Ritu's first few weeks on the job, learning from examples. Think of
prediction like Ritu, now experienced, looking at a brand new lead and instantly having a
gut feeling about them. Training happens rarely. Prediction happens constantly, once
training is done.

Here's the Important Part

The model is not telling Rahul: "This customer WILL buy." It is saying: "Based on the data, this
customer looks likely to buy." That difference is very important. Machine learning predicts. It
does not see the future. It simply gets better odds than guessing randomly. And in marketing,
better odds mean better budgets, better targeting, and better results.
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What's Coming Next

Rahul now understands the basic idea. Data. A clear question. A model that learns patterns.
But he still has his original problem: 40,000 customers. The same offer for everyone. In the
next chapter, we'll go back to Rahul's furniture store and actually build this out. We'll see

exactly how a model decides who is likely to buy — and how Rahul uses that information to

change his entire marketing approach. Let's go find out who's about to buy.

# Remember

e Every machine learning system needs three things: data, a clear question, and a model.
e A "feature" is just one small piece of information about a customer.
e Training is when the model learns from old data. Prediction is when it applies what it

learned to new data.
e A model gives you better odds. It does not give you certainty.

v Chapter 2 Quick Summary

e Machine learning relies on 3 ingredients: Data, a Clear Question, and a Model.
e A 'feature' is simply one fact about a customer (e.g. days since last visit).

e Training happens once; prediction happens continuously on new data.
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® 6 Quick Q&As — Chapter 2

Q1: What is a feature in customer data? Q2: What is model training?

A single data point like email opens or cart The phase where the computer studies past

visits. data to find patterns.

Q3: What is prediction? Q4: Are machine learning predictions

Applying learned rules to new customers in 100% guaranteed?

real-time. No, they provide better odds, not absolute
certainty.

Q5: What makes a good prediction Q6: Why use models over human instincts

question? alone?

A specific outcome like 'Will they buy in 30 Models analyze millions of rows instantly

days?' without fatigue.
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PROPENSITY MODELS

Chapter 3 - Predicting Who Will Buy

Let's go back to Rahul. His furniture store has 40,000 customers. Every month, his team
sends the same offer to almost everyone: A 10% discount email, sent to the entire list. The
result is always the same. Most people ignore it. A few people buy — but many of them were

going to buy anyway, discount or not.

Rahul is basically throwing money away on discounts nobody needed, while ignoring the
customers who actually needed a small push. He wants to know one thing: "Who is likely to

buy in the next 30 days?"

Let's Build This Step by Step

Let's imagine Rahul has 10,000 leads and past customers. For each one, he knows:

How many times they've visited the website in the last 30 days

How many products they've viewed

Whether they've added something to their cart

How many days since their last visit

Whether they've bought from him before

And most importantly, he knows the outcome: Did they buy in the following 30 days? Yes or

no. This is called labeled data.

€) Simple Explanation

"Labeled data" sounds technical. It just means: data where we already know the answer.
We know who bought and who didn't. That's the label. The model studies these labeled
examples to learn what a "likely buyer" looks like.

Meet Logistic Regression (Don't Worry About the Name)
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There's a simple model that's perfect for this kind of question. It's called Logistic Regression.

The name sounds intimidating. Ignore the name. Here's all you need to know about it:

Logistic Regression looks at a customer's information, and gives back one number. A
probability, between 0% and 100%. "This customer has a 78% chance of buying." "This
customer has a 9% chance of buying." That's it. That's the whole idea.

€) Simple Explanation

Think about a doctor checking a patient's risk of catching a cold. The doctor looks at a few
things. Did they sleep well? Are they stressed? Is it cold season? Based on all of this, the
doctor doesn't say "you will definitely get sick" or "you will definitely not get sick." They
say something like, "you have a higher chance right now." Logistic Regression works the
same way, just with customer data instead of health data.

Let's Seeltin Action

Let's imagine three customers on Rahul's website today:

: Think About This

If you were Rahul, would you send the same 10% discount to all three customers?
Customer A is probably going to buy anyway. A discount here is money left on the table.
Customer B isn't ready yet. A discount right now probably won't change their mind.
Customer C is on the edge. A small nudge, like a limited-time discount, might be exactly
what pushes them to buy.

This is the real power of a propensity score. It tells you not just who is interested, but who
actually needs the extra push.

WhatIs a "Propensity Score"?

You'll hear this term often in marketing and data science. A propensity score is simply the
probability that a customer will do something. Buy. Click. Cancel. Reply. It's not magic. It's just
a number, between 0 and 1 (or 0% and 100%), that tells you how likely something is to

happen.
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# Remember

Propensity score = "how likely is this customer to take this action?" That's the entire

definition. Everything else is detail.

What Data Does Rahul Actually Need?

This is the question every marketer asks at this point. "This all sounds good, but what data do

| actually need to collect?" Here's the honest answer: you probably already have most of it.

@ Marketing Example

If Rahul is using tools like Google Analytics, GA4, Meta Ads, and a CRM like GoHighLevel or
ActiveCampaign, he likely already has:

e Website visits and page views (from GA4)

e Ad clicks and engagement (from Meta and Google Ads)

e Email opens and clicks (from his CRM)

e Purchase history (from his store's order data)

The data isn't the hard part. Most marketers already have it sitting in their tools. The hard
part is connecting it together, and asking the right question.

¢ TryThis

Before you move to the next chapter, take five minutes. List out what customer data you
currently collect. Website visits? Email opens? Purchase history? Cart activity? You don't

need to build anything yet. Just notice what you already have. You'll be surprised.

What Rahul Does With the Scores

Once every customer has a propensity score, Rahul stops treating everyone the same way:

o Customers with a very high score (like Customer A) get no discount at all. They're buying

anyway. Save the budget.
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o Customers with a very low score (like Customer B) get a lighter touch. Maybe just a reminder
email, not a full discount campaign. They're not ready yet, and a discount now won't change
that.

e Customers in the middle (like Customer C) get the real attention. This is where discounts,

retargeting ads, and personal follow-ups actually make a difference.

., Onelmportant Warning

A propensity score is a guide, not a guarantee. Some "unlikely" customers will still surprise
you and buy. Some "likely" customers will still walk away. Use the score to prioritize your
effort and budget. Don't use it to make guarantees to your boss or your client.

What's Coming Next

Rahul now has scores for his customers. He knows who's likely to buy, and who needs a push.
But he has a new, related problem. His sales team gets thousands of leads. They can't call all
of them. They need to know which leads to call first. This is a slightly different problem than
"will they buy." It's "who should we talk to first, out of everyone?" In the next chapter, we'll

stay with Rahul and tackle exactly that: lead scoring.

# Remember

e A propensity score is just a probability: how likely is this customer to do something?
e Logistic Regression is a simple, common model used to calculate this probability.
e The score should change your marketing action. High scores need less push. Middle

scores need the most attention.
e You probably already have most of the data you need, sitting inside tools you already

use.
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v Chapter 3 Quick Summary

» Propensity scores rank customers by purchase probability (0% to 100%).

e High scores don't need discounts; low scores need nurturing; middle scores benefit from
nudges.

e Most data needed already exists in Google Analytics, CRMs, and ad managers.

® 6 Quick Q&As — Chapter 3

Q1: What is a propensity score?

A probability number (0-100%) that a
customer will take a specific action.

Q3: Should high propensity buyers get

discounts?

No, they are already likely to buy at full price.

Q5: Where is propensity data sourced?

CRMs, web analytics (GA4), ad platforms,
and order history.
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Q2: What model is commonly used for

purchase prediction?

Logistic Regression.

Q4: Which customer group benefits most
from discount offers?

Middle-score customers who need an extra
push.

Q6: How does propensity scoring save
budget?

By eliminating unnecessary discount offers
to organic buyers.
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PRIORITIZATION

Chapter 4 - Lead Scoring — Helping Sales
Focus on the Right People

Remember Rahul from Chapter 3? He now knows how likely each customer is to buy. But
today, Rahul has a different problem. His team just launched a new campaign for premium
furniture sets. The campaign worked. It brought in 10,000 leads in one month. But Rahul's
sales team is small. They can only call about 1,000 of them properly before the leads go cold.

10,000 leads. 1,000 calls. So the real question isn't "will they buy?" anymore. It's "who do we

call first?" This is where lead scoring becomes useful.

Lead Scoring Is Propensity Scoring's Cousin

Let's be honest with each other for a second. Lead scoring uses the exact same idea from the
last chapter. A model looks at data and gives a score. The difference is really just about how

you use it.

€) Simple Explanation

Propensity scoring asks: "Should | send this customer an offer, and how strong should it
be?"

Lead scoring asks: "Out of everyone on my list, who should my sales team talk to first?"
Same engine under the hood. Different steering wheel.

What GoesInto alLead Score?

Let's imagine Rahul's 10,000 leads came from a mix of sources. Some from Facebook Ads.

Some from Google Search Ads. Some from an event. For each lead, Rahul might know:

« Where the lead came from (Facebook, Google, referral, event)
o What page they filled the form on

» What time of day they filled it in
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Whether they've visited the website again since filling the form

Whether they opened the follow-up email

Their job title, if it's a B2B-style form

How quickly they responded to the first message, if at all

The model studies old leads — leads that eventually became customers, and leads that went

cold — and learns which of these details actually predicted success.

@ Marketing Example

Let's say Rahul's model discovers something interesting: Leads who filled the form after
browsing the premium furniture page for more than two minutes were 4 times more likely
to buy than leads who filled the form after seeing just one ad and clicking straight through.
Rahul didn't know this before. Now he does. His sales team can start there.

Let's Watch Rahul's Sales Team Change

Before lead scoring, Rahul's sales team called leads in the order they came in. First come, first
call. This sounds fair. But it's not smart. A lead who filled the form at 2am, out of pure

curiosity, gets called before a lead who spent 10 minutes comparing product pages at 6pm.

After lead scoring, everything changes. Every new lead gets a score between 0 and 100 the
moment they fill the form. The sales team's dashboard is sorted, highest score first.

Think About This

=

Which customer would you call first?

A lead with a score of 92, who visited the pricing page three times?

Or a lead with a score of 24, who filled the form and never returned to the site?

The answer feels obvious once you see the scores. That's the whole point. Lead scoring

makes the obvious choice visible.

Grade-Based Scoring: A Simpler Starting Point
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Not every business needs a full machine learning model on day one. Let's talk about
something simpler that many marketers already use: rule-based lead scoring.

€) Simple Explanation

Instead of a model learning patterns automatically, you and your team assign points
manually, based on experience. For example:

e Visited pricing page: +20 points

e Opened the last 3 emails: +15 points

e Job title includes "Manager" or "Director": +10 points

e Filled form but never returned to site: -10 points

Add these up, and every lead gets a rough score. This is a good starting point if you don't
have enough historical data yet, or you're just getting started with the idea.

# Remember

Rule-based scoring is manual and based on your team's experience. Machine learning-
based scoring is automatic and based on patterns in your actual data. Many businesses
start with rules, and move to machine learning once they have enough history.

What Happens When Neha Uses This

Let me briefly check in on Neha, the B2B marketer we met in Chapter 1. Her sales team gets
500 leads a month, but can only follow up properly with 50. Before lead scoring, they picked
leads almost randomly — whoever responded to the first email fastest. After lead scoring,
Neha's model looks at things like company size, job title, and how the lead engaged with their

website.

The model finds that leads from companies with more than 200 employees, who visited the
"Enterprise Plan" page, converted into paying customers at nearly 6 times the rate of other
leads. Neha didn't guess this. The pattern was sitting in her data the whole time. She just

needed a way to see it.
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., Onelmportant Warning

A lead score tells you where to focus your energy first. It does not replace a good sales
conversation. A high-scoring lead can still say no. A low-scoring lead can still surprise you.
Use the score to prioritize your time, not to make final decisions without a human involved.

A Word on Fairness and Common Sense

¢ TryThis

Before trusting any lead score completely, ask yourself: Does this make business sense? If
your model says leads from a certain city score higher, ask why. Is it a real pattern, or a
coincidence in a small dataset? Machine learning is very good at finding patterns. It is not
always good at knowing which patterns are meaningful, and which are just noise. A little

common sense from you goes a long way here.

What's Coming Next

Rahul started this chapter with 10,000 leads. He now knows something he didn't know before.
He doesn't have to treat every lead the same way. He can use data to decide where his sales
team should focus first. And that's the real power of predictive marketing. But not every
problem is about who is about to buy. Some problems are about who is about to leave. In the
next chapter, we'll meet Priya again, and look at one of the most valuable things machine

learning can do for any subscription business: predicting churn, before it happens.

# Remember

e | ead scoring uses the same idea as propensity scoring, applied to sales prioritization.
e You can start simple, with rule-based scoring, before moving to a full model.

e A high score means "talk to this person first," not "this person will definitely buy."

e Always sanity-check what the model finds. Patterns should make business sense.
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v Chapter 4 Quick Summary

Predict More Sales with Machine Learning

e Lead scoring prioritizes sales effort toward highest-probability prospects.

e You can start with manual rule-based points before adopting ML models.

e Scores rank lead priority; they don't replace human sales conversations.

® 6 Quick Q&As — Chapter 4

Q1: What is the primary goal of lead

scoring?

To ensure sales teams call high-value leads
before they go cold.

Q3: What is rule-based lead scoring?

Manually assigning points for specific
actions like viewing pricing.

Q5: Can low-scoring leads still convert?

Yes, scores indicate relative probability, not
guarantees.
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Q2: How does lead scoring differ from
propensity scoring?

Same underlying tech; lead scoring focuses
on sales team outreach priority.

Q4: What is ML-based lead scoring?

Automatically discovering point weights from
past conversion data.

Q6: What should you do before deploying

alead score?

Sanity-check the signals to ensure they make
intuitive business sense.
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RETENTION

Chapter 5 - Who's About to Leave?
Predicting Churn

Remember Priya from Chapter 1? She's a Growth Manager at a SaaS company. Every month,
some customers cancel their subscription. Priya finds out only after they've already left. By
then, it's too late. The customer is gone. The only thing left to do is send a "we're sorry to see
you go" email that nobody reads.

Priya keeps asking the same question: "Could | have seen this coming?" The answer, most of

the time, is yes.

What Is Churn?

Let's start simple. Churn just means a customer leaving. Cancelling a subscription. Stopping

their purchases. Walking away.

Every subscription business has churn. It's normal. Nobody keeps 100% of their customers
forever. The real question isn't "how do we stop all churn?" It's "can we see it coming, early
enough to do something about it?"

# Remember

Churn = customers leaving. Predicting churn = spotting the early warning signs, before
they actually leave.

Customers Rarely Leave Without Warning

Here's something important that Priya eventually realizes: Customers almost never cancel out
of nowhere. There are usually signs, weeks or even months before they cancel.
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€) Simple Explanation

Think about a friendship that's fading. Nobody wakes up one day and suddenly decides to
end a friendship they were fully invested in yesterday. Usually, the replies get shorter. The
calls get less frequent. The excitement fades, slowly, over time. If you're paying attention,
you can see it happening before it's too late. Customer churn works the same way. The
signs are there. Most businesses just aren't looking for them.

What Signs Does Priya Look For?

Let's imagine Priya pulls together data on her SaaS customers. For each one, she looks at

things like:

How often they log in

How many features they actually use

Whether their usage has dropped compared to last month

Whether they've contacted customer support recently, and what about

Whether they've downgraded their plan before

How close they are to their renewal date

The model studies old customers, some who stayed and some who left, and learns which

combinations of these signals usually come before a cancellation.

@ Marketing Example

Priya's model discovers something useful: Customers whose weekly logins dropped by
more than 50% for two months in a row, combined with unused key features, cancelled at
almost 5 times the normal rate. This wasn't obvious before. It was buried in usage data
nobody was actively watching. Now, this becomes an early warning flag.

From Warning Sign to Action

Finding the pattern is only half the job. The real value comes from what Priya does next. Every

customer now gets a churn probability score. Just like the propensity scores from Chapter 3,
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but flipped around — this time, it's the probability of leaving, not buying.

. Think About This

If you knew, right now, exactly which 200 customers were most likely to cancel next
month, what would you do differently?

Would you send them all the same generic newsletter?

Or would you reach out personally, understand what's going wrong, and try to help before
it's too late?

That second option is only possible because of the score. Without it, Priya would be
guessing which 200 customers to prioritize, out of thousands.

What Priya's Team Does With High-Risk Customers
Once the high-risk customers are identified, Priya's team has options:

o For some customers, it's a personal check-in email or call: "We noticed you haven't been using

[feature] — can we help?"
o For others, it's a small nudge, like a tutorial or a helpful resource, sent automatically.

o For a few key accounts, it's a direct conversation with a customer success manager, before the

renewal date arrives.

., Onelmportant Warning

Not every customer flagged as "high risk" needs a discount. Sometimes the real problem
isn't price. It's confusion, or a feature they never discovered, or a bad first experience.
Jumping straight to "here's 20% off" without understanding why they're at risk can
actually train customers to threaten to leave just to get a discount. Understand the "why"
first.

This Applies Beyond SaaS Too
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@ Marketing Example

Churn prediction isn't just for subscription software. Arjun's D2C skincare brand has churn
too. It just looks different. A "churned" customer is someone who used to buy every two
months, and now hasn't ordered in six. Rahul's furniture store has it too. A "churned"
customer stopped opening emails and hasn't visited the site in 90 days. Anywhere a
customer relationship can quietly fade, a churn model can help you notice it early.

A Simple Way to Start, Without Machine Learning Yet

€’ TryThis

You don't need a full machine learning model to start thinking this way. Pick one clear sign
of disengagement. For example: "hasn't opened any of the last 5 emails" or "hasn't logged
in for 30 days." Pull a list of customers matching that sign, today, using whatever CRM or
analytics tool you already have. Reach out to them personally, before they're gone. This is
a manual version of churn prediction. It won't be as precise as a model, but it teaches you
the habit of looking for warning signs before they turn into cancellations.

What's Coming Next

Priya started this chapter watching customers leave, with no warning and no time to react.
She now has something she didn't have before: a heads-up, weeks in advance. That heads-
up is often the difference between losing a customer and saving one.

In the next chapter, we'll leave Priya's world of subscriptions and head over to Arjun's D2C
skincare brand. Arjun has a different kind of problem. He's not trying to predict one single
action. He's trying to understand that his 20,000 customers aren't really one big group.
They're several different groups, hiding inside his data. Let's go find them.
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# Remember

Predict More Sales with Machine Learning

e Churn rarely happens without warning. The signs are usually visible in the data, weeks or

months in advance.

e A churn score works just like a propensity score, but predicts the chance of leaving

instead of buying.

e Finding at-risk customers is only useful if you act on it, with the right kind of action, not

just a generic discount.

e You can start spotting churn manually, with simple rules, before building a full model.

v Chapter 5 Quick Summary

e Customers rarely churn without showing early disengagement signals.

e Predicting churn allows proactive retention outreach weeks in advance.

e Not all at-risk customers need discounts; many need feature guidance.

® 6 Quick Q&As — Chapter5

Q1: What is customer churn?

When a customer cancels a subscription or
stops purchasing.

Q3: What signals predict churn in SaaS?

Reduced logins, lower feature usage, and
support tickets.

Q5: Can non-subscription stores use

churn models?

Yes, tracking buyers who haven't reordered
in their usual timeframe.
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Q2: Do customers churn suddenly

without warning?

No, usage drops and disengagement happen
weeks earlier.

Q4: Should you give every churn-risk

user a discount?

No, often they need educational support or
onboarding help.

Q6: How can | start churn prevention

manually?

Pull a list of users inactive for 30 days and
reach out personally.
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CLUSTERING

Chapter 6 - Grouping Customers Without
Guessing

Remember Arjun from Chapter 1? He runs a small D2C skincare brand. He has thousands of
customers. But he treats them all the same way. New customers. Loyal customers. One-time
buyers. People who only bought during a sale. Same newsletter. Same offers. Same message,

sent to everyone.

Arjun has a feeling that some of these customers are very different from each other. He just
doesn't know how to tell them apart, without spending weeks manually sorting through

spreadsheets.

Let's Ask a Different Kind of Question

So far in this book, we've asked questions like: "Will this customer buy?" "Will this customer
cancel?" These are prediction questions. There's a clear right or wrong answer, eventually.
They either bought or they didn't.

Arjun's question is different: "What natural groups exist inside my customer base?" There's no
single right answer here. Nobody labeled his customers in advance as "Group A" or "Group
B." Arjun just has a feeling that different types of customers exist, mixed together. This is

where clustering comes in.

What Is Clustering?
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€) Simple Explanation

Imagine you're handed a big box of mixed buttons. Different colors, different sizes,
different shapes. Nobody tells you how to sort them. There's no instruction sheet. But if
you spread them out on a table, you'll naturally start noticing groups: "These are all small
and red." "These are all big and blue." "These are oddly shaped, and there aren't many of
them." You didn't need anyone to tell you the categories. The groups revealed themselves
once you looked closely. Clustering does exactly this, but with customer data instead of

buttons.

# Remember

Clustering means putting similar customers into the same group, automatically, based on
patterns in their data. Nobody tells the model what the groups should be in advance.

Let's Try This With Arjun's Customers

Let's imagine Arjun has data on 20,000 customers. For each one, he knows:

e How many times they've purchased

o Average order value

» How long they've been a customer

o Whether they mostly buy during sales, or at full price

» Which product categories they buy most (cleansers, serums, sunscreens)

e How they found the brand (Instagram, referral, Google search)

Arjun runs this data through a clustering model. He decides to explore four groups as a
practical starting point. The clustering algorithm then decides which customers belong

together based on similarities in their data.
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@ Marketing Example

The model comes back with four clear groups:

e Group 1: The Loyalists. Buy every 6-8 weeks, mostly at full price, high average order
value. About 15% of customers, but responsible for nearly 40% of revenue.

e Group 2: The Sale Hunters. Only buy during discount periods. Large group, but low
average order value, and rarely return outside of sales.

e Group 3: The One-Timers. Bought once, months ago, and never returned. The largest
group by count.

e Group 4: The Explorers. New customers, less than 3 months in, buying small amounts
across different product categories, still figuring out what they like.

Arjun didn't know these groups existed with this much clarity before. Now he does.

Same Customers, Very Different Messages

i Think About This

Before clustering, Arjun sent the same Instagram content and the same email newsletter to
everyone. Now, imagine speaking to each group separately:

e To the Loyalists: Early access to new products. A thank-you note. No discounts needed
— they're not price sensitive.

e To the Sale Hunters: Time-limited offers, bundles, and clear value messaging. This is
exactly what motivates them.

e To the One-Timers: A "we miss you" campaign, maybe with a small nudge, trying to
understand why they didn't return.

e To the Explorers: Educational content. Helping them understand the product range,
building trust before pushing another purchase.

Same customer base. Four completely different conversations. This is what real
personalization looks like, without needing to write a custom message for all 20,000
people individually.

Clustering vs. Prediction: A Quick Comparison

It's easy to confuse clustering with the prediction models from earlier chapters. Let's make

the difference crystal clear:
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# Remember

Prediction models (like the ones Rahul and Priya used) need a known answer to learn from:
"Did they buy or not?" "Did they cancel or not?" The model learns from that known
outcome.

Clustering models don't need a known answer at all. There's no "right" grouping given in
advance. The model just looks for customers who are naturally similar to each other, and
groups them together.

One predicts an outcome. The other reveals structure that was already hiding in your data.

How Many Groups Should You Have?

€ TryThis

A common question at this point is: "How many groups should | create?" There's no fixed
number. It depends on your business and how you plan to use the groups. Too few groups
(like 2) might feel too broad to act on. Too many groups (like 20) might be too complex to
build separate marketing plans for. A small number of groups is often easier to use in real
campaigns. The right number should come from the data, testing, and whether the groups
are actually useful to the business. There is no universal correct number.

You Might Already Be Doing a Rough Version of This

., Onelmportant Warning

If you've ever manually split your list into "new customers" and "repeat customers," you've
already done a simple, rule-based version of clustering. That's a great starting point. The
difference with a proper clustering model is that it can consider many factors at once, and
find combinations a person might never think to check manually — like "customers who
buy sunscreen first tend to become long-term Loyalists," a pattern that isn't obvious just
by looking at purchase counts.

What's Coming Next
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Arjun started this chapter treating 20,000 customers as one big, blurry group. He now sees
four distinct groups, each with their own needs and their own value to the business. But
there's a question we haven't fully answered yet: If the Loyalists bring in 40% of revenue with

just 15% of customers, exactly how much is each customer actually worth, over their entire

relationship with the brand?

In the next chapter, we'll meet Neha again, and answer one of the most important questions in

all of marketing: what is a customer really worth?

# Remember

e Clustering groups similar customers together, without needing a known "right answer" in

advance.
e Different clusters usually need completely different marketing messages, not one-size-

fits-all content.
e 3 to 6 groups is usually a practical range to build real campaigns around.
e If you've ever manually split your list into segments, you already understand the basic

idea.

v Chapter 6 Quick Summary

e Clustering automatically groups similar customers based on behavior data.
It requires no historical target labels (unsupervised learning).

e 3to 6 practical segments allow tailor-made messaging without complexity.

© 2026 Damabytes (https://damabytes.com/). All rights reserved. Page 40 of 90



DAMABYTES EXECUTIVE E-BOOK

® 6 Quick Q&As — Chapter é

Q1: What is clustering?

Grouping similar customers together based
on patterns in their data.

Q3: What were Arjun's 4 main customer
segments?

Loyalists, Sale Hunters, One-Timers, and
Explorers.

Q5: How many clusters should a business

create?

Typically 3 to 6 practical groups that
marketing can act upon.
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Q2: How does clustering differ from
prediction?

Prediction has a known answer (bought/not);
clustering finds hidden structure.

Q4: How do Loyalists differ from Sale
Hunters?

Loyalists buy full price frequently; Sale
Hunters only buy during discounts.

Q6: What is the benefit of customer

clustering?

Personalized messaging tailored to each
segment's buying motivations.
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LIFETIME VALUE

Chapter 7 - What's a Customer Really
Worth?

Remember Neha from Chapter 1? She's a Marketing Manager at a B2B company. Her team
spends a fixed budget every month on acquiring new customers. But here's a question that's
been bothering her: "Are we spending the same amount to acquire every customer, even
though some customers are worth far more to us than others?"

She's right to ask. And most businesses, if they're honest, don't have a clear answer.

Let's Ask a Simple Question First

Let's slow down for a moment. If someone asked you, "How much is one of your customers
worth?" — what would you say? Most marketers answer with the average order value. "Our

customers spend about ¥2,000 per order."

But that's only part of the picture. What about the customer who orders every month for three
years? What about the customer who orders once and never returns? Both might have placed
a first order of ¥2,000. But they are not worth the same amount to your business. Not even

close.

Meet Customer Lifetime Value

This idea has a name: Customer Lifetime Value, often shortened to CLV or LTV.

€) Simple Explanation

Customer Lifetime Value is simply an estimate of how much money a customer will bring to
your business, over their entire relationship with you. Not just their first order. Everything,
from the first purchase to the last. That's it. That's the whole idea, before we add any
numbers to it.
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# Remember

CLV answers the question: "If | could see this customer's entire future with us, how much
would they be worth?"

A Simple Way to Think About It

Let's build this up slowly, using Neha's B2B company as an example. Let's say Neha's

average customer:

e Places an order worth ¥50,000
o Orders about 4 times a year

o Stays a customer for about 3 years, on average, before leaving

A very simple version of CLV would be:
%50,000 (average order) x 4 (orders per year) x 3 (years) = ¥6,00,000

So, on average, one customer is worth roughly ¥6,00,000 to Neha's business over their full
relationship.

¢ Think About This

If Neha is currently spending 5,000 to acquire a new customer, and that customer might
be worth %6,00,000 over time — is ¥5,00,000 actually expensive?
Looking at it this way completely changes how a marketing budget gets planned.

Why Averages Aren't Enough

Here's where machine learning becomes genuinely useful. The example above uses one
average number for every customer. But we already know from Chapter 6 that not all
customers are the same. Some customers, like Arjun's Loyalists, are worth far more than
average. Some customers, like Arjun's One-Timers, are worth far less.

A machine learning model can look at an individual customer's early behavior, and estimate

their likely lifetime value much earlier, without waiting three years to find out.
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@ Marketing Example

Neha's model looks at things like:

e How large the customer's company is

e What plan or product tier they signed up for

e How quickly they placed their second order

e How often they contact support, and about what

e Whether they've referred other customers

The model learns from past customers whose full lifetime value is already known, and
finds patterns that show up early in the relationship, well before three years have passed. It
then estimates: "This new customer looks like they'll be worth roughly ¥8,00,000 over their
lifetime." Or: "This one looks closer to ¥1,50,000."

What Neha Does With This Information
Once Neha has an early CLV estimate for each customer, her decisions start to shift:

o She's willing to spend more to acquire customers who look like high-CLV Loyalists, even if the

cost per lead is higher.
e She spends less chasing leads that look like they'll only ever place one small order.

e Her customer success team spends more relationship-building time on early signs of high-

value customers, instead of splitting attention equally across everyone.

., Onelmportant Warning

CLV is an estimate, not a certainty, especially early in a customer's journey. A customer
who looks low-value in month one can still surprise you later. Use CLV to guide where you
lean in harder, not to write anyone off completely, especially early on.

Where This Connects to Ad Spend
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@ Marketing Example

This idea becomes especially powerful when connected to advertising. If Rahul knows his
furniture customers who buy premium sofa sets have a CLV nearly 5 times higher than
customers who only buy small accessories, he can adjust his Facebook and Google Ads
accordingly. He can bid more aggressively to reach people who look like premium sofa
buyers, even if the cost per click is higher, because he now understands the long-term
payoff. Without CLV, every new customer looks the same on a spreadsheet. With it, some

customers are clearly worth chasing harder than others.

A Simple Starting Point, Without a Full Model

€ TryThis

You don't need a machine learning model to start thinking in terms of CLV. Pull your past
customer data and calculate a rough average: average order value x average orders per
year x average years as a customer. Then break that number down by how the customer
first arrived. Did they come from Instagram, Google Ads, or referral? You may find, like
many businesses do, that certain channels bring in customers with a much higher CLV than
others, even if the cost per lead looks similar on the surface.

What's Coming Next

Neha started this chapter with a flat budget spread evenly across every new customer. She
now has a much clearer picture: some customers are worth chasing harder than others, and
she can often tell early on. But this raises a natural next question: If a customer clicked on a
Facebook ad, then later clicked a Google ad, then finally bought after reading an email —

which one of those actually deserves credit for the sale?

In the next chapter, we'll dig into one of the most debated topics in digital marketing:

attribution.
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# Remember

e Customer Lifetime Value estimates how much a customer will be worth over their entire
relationship with your business, not just their first order.

e A simple CLV estimate is: average order value x orders per year x years as a customer.
e Machine learning can estimate CLV much earlier, using patterns from a customer's early
behavior.

e Knowing CLV changes how much you're willing to spend to acquire different types of

customers.

v Chapter 7 Quick Summary

e CLV measures total long-term customer value, not just initial purchase size.
e Early behavior signals allow machine learning models to predict long-term CLV.

e High CLV insights justify higher acquisition ad spend on high-value channels.

® 6 Quick Q&As — Chapter?7

Q1: What does CLV stand for? Q2: What is the basic CLV formula?

Customer Lifetime Value (or LTV). Order Value x Frequency per Year x Lifespan
Years.

Q3: Why is average order value Q4: How does ML assistin CLV

misleading alone? calculation?

A single $50 order differs from a customer It predicts long-term value early based on

spending $50 monthly for 3 years. first-30-day user behavior.

Q5: How does CLV affect ad spend? Q6: Where can I find basic CLV data?

It justifies higher acquisition bids for Your store order database, CRM, or payment

channels delivering high-CLV leads. processor history.
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ATTRIBUTION

Chapter 8 - Which Ad Actually Gets the
Credit?

Let's bring Rahul back for this one. Rahul runs Facebook Ads, Google Ads, and email
campaigns, all at the same time. Last week, a customer named Kavita bought a dining table
from his store. Here's what actually happened, behind the scenes, before that purchase:

1.1. Kavita saw a Facebook ad two weeks ago. She didn't click it, but she remembered the brand.

2. 2. Afew days later, she searched "dining table sets" on Google, saw Rahul's ad, and clicked it.
She browsed, but didn't buy.

3. 3. Three days after that, she got a reminder email and clicked through again.

4. 4. Finally, she came back through a direct visit, typing the website URL herself, and bought.

Now here's Rahul's question: "Which one of these gets the credit for this sale?"

Why This Question Actually Matters

This isn't just a curious question. It has real money attached to it.

¢ Think About This

If Rahul believes Google Ads deserves all the credit, he'll keep increasing his Google
budget.

If he believes the email reminder deserves the credit, he'll invest more in email instead.

If he believes Facebook deserves credit, even though nobody clicked that first ad, he might
keep spending there too.

Get this wrong, and Rahul ends up cutting a channel that was quietly doing important work,
or overspending on a channel that just happened to be the last thing the customer saw.
This is the problem that attribution tries to solve.

What Is Attribution?
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€) Simple Explanation

Attribution simply means deciding how much credit each marketing touchpoint deserves
for a sale. A "touchpoint" is just any interaction a customer has with your brand. An ad they
saw. An email they opened. A search they clicked. Attribution tries to answer: out of all

these touchpoints, how much did each one actually contribute to the final sale?

# Remember

Attribution is about fairly splitting the credit for a sale across every touchpoint that played a
partin it, not just the last one.

The Easiest (and Most Misleading) Way to Do This

Let's talk about the most common approach first, because you've probably seen it before. It's
called Last-Click Attribution.

€) Simple Explanation

Last-click attribution gives 100% of the credit to whatever the customer clicked on right
before they bought. In a simple last-click setup, the final recorded touchpoint would
receive the credit. The exact result depends on the analytics platform, attribution settings,
and how the journey was tracked. This is the default setting in a lot of basic analytics tools,
simply because it's the easiest thing to measure.

., Onelmportant Warning

Last-click attribution completely ignores everything that happened earlier in the journey. It
would tell Rahul that Facebook Ads did nothing for this sale, even though it's what first
introduced Kavita to the brand. That's misleading, and it can lead to cutting a channel that
was actually working.
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A Slightly Better Way: First-Click Attribution

Some marketers swing the other way, and give all the credit to the very first touchpoint. In
Kavita's case, that would be the Facebook ad. This has the opposite problem. It ignores the
Google Ad and the email, which clearly also played a role in bringing her back and closing the
sale. Neither first-click nor last-click tells the full story. Both are simple, but both are also

incomplete.

Splitting Credit More Fairly

This is where more advanced models come in, using tools like Markov Chains and Shapley
Values. Don't worry, we're not going to dive into the math here. Let's understand the idea

instead.

€) Simple Explanation

Imagine three friends work together on a project, and it gets a great result. Instead of
giving all the credit to whoever presented it last, a fair manager looks at what would have
happened if any one friend hadn't been involved, and gives credit based on how much
each person's contribution actually mattered. Multi-touch attribution models do something
similar with marketing touchpoints. They look at many, many customer journeys, and
estimate how much each touchpoint typically contributes to a sale, based on patterns
across all of them, not just one customer's path.

# Remember

These models can distribute credit across multiple touchpoints using patterns in many
customer journeys. They can improve attribution analysis, but they should not be treated
as proof that a channel caused a sale.

What This Looks Like for Rahul
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@ Marketing Example

Using a smarter attribution approach, Rahul might discover something like this, across
thousands of customer journeys, not just Kavita's:

e Facebook Ads contribute meaningfully in the early stage of the journey, even when they
don't get the final click.

e Google Ads perform strongly in the middle, when customers are actively comparing
options.

e Email is highly effective at closing sales that were already warmed up by other channels,
but rarely starts a journey on its own.

e Direct visits often look great in last-click reporting, but they're usually the finish line of a
journey that started somewhere else entirely.

¢ Think About This

If Rahul had trusted last-click attribution alone, he might have quietly cut his Facebook
budget, thinking it wasn't working — while it was actually doing the important job of
starting the journey for a large number of his customers.

You Don't Need a Perfect Model to Start Thinking This Way

€° TryThis

Before building anything complex, just start looking at the full journey. Pick five recent
customers. Look at their path in your analytics tool, from the very first interaction to the
final purchase. You'll likely notice, like Rahul did, that the "last click" rarely tells the whole
story. This simple habit, of looking at the full journey instead of just the final step, is the
real starting point of good attribution thinking.

What's Coming Next

Rahul now understands that a sale is rarely the result of just one ad, one email, or one click.
It's usually a journey, and every honest attempt to measure marketing needs to respect that.

So far, we've used fairly simple, well-known models throughout this book. Logistic
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Regression. Clustering. Attribution models. In the next chapter, we'll take a light, friendly look
at some of the bigger, scarier-sounding names you'll come across in this space. Names like
XGBoost, Random Forest, and recommendation engines. Don't worry. We'll keep it just as

simple as everything so far.

# Remember

e Attribution decides how much credit each marketing touchpoint deserves for a sale.
e Last-click and first-click attribution are simple, but both ignore most of the customer's

actual journey.
e Smarter models spread credit more fairly across the whole journey, based on patterns

learned from many customers.
e Looking at the full customer journey, even without a fancy model, is a powerful habit on

its own.

v Chapter 8 Quick Summary

e Attribution divides revenue credit across all touchpoints in a buyer's path.
» Last-click attribution ignores awareness channels like Facebook top-of-funnel ads.

e Smarter multi-touch models prevent cutting early-stage channels that drive growth.
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® 6 Quick Q&As — Chapter 8

Q1: What is a marketing touchpoint? Q2: What is last-click attribution?

Any interaction a prospect has with your Giving 100% of conversion credit to the final
brand (ad click, email open). touchpoint clicked.

Q3: Why is last-click attribution Q4: What is multi-touch attribution?
dangerous? Distributing revenue credit fairly across all

It under-values top-of-funnel ads that journey touchpoints.

introduce new buyers to your brand.

Q5: Role of Facebook vs Email in Q6: How can | start improving attribution?
journeys? Inspect multi-step customer journey paths in
Facebook often starts journeys; Email often GA4 instead of single-click reports.

closes already-interested leads.
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ADVANCED Al

Chapter 9 - APeek at the Bigger Models

By now, Rahul, Priya, Arjun, and Neha have all used machine learning to solve real problems.
But somewhere along the way, each of them has bumped into names that sound a lot scarier
than "Logistic Regression." Names like XGBoost. Random Forest. Recommendation systems.
Let's take a breath. We're not going to get technical here. We're just going to understand what

these things actually do, and when they matter.

# Remember

Rahul doesn't care about XGBoost. He cares about finding better leads. That's where we
should always start. Once we understand the problem, we can decide whether a bigger
model is actually useful.

Why Do Bigger Models Even Exist?

Here's a fair question: If Logistic Regression can predict who'll buy, why do we need anything

more complicated?

€) Simple Explanation

Think back to Ritu, the new team member from Chapter 2, learning from examples. Logistic
Regression is like a smart, careful employee, who's good at spotting fairly straightforward
patterns. "Customers who visit more and add to cart tend to buy more." Some patterns,
though, are more tangled. "Customers who visit a lot, but only late at night, and only view
sale items, and have bought exactly once before" — a pattern with lots of small conditions
stacked together. Bigger models are simply better at catching these more tangled, layered
patterns. They're not magic. They're just more thorough.

Meet Random Forest
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Let's start with Random Forest, since it has a genuinely helpful name once you understand it.

€) Simple Explanation

Imagine, instead of asking one experienced salesperson whether a lead will buy, you ask a
hundred different salespeople. Each one has slightly different experience. Each one
notices slightly different things. Then you take a vote. Whatever most of them agree on
becomes the final answer. That's Random Forest. It builds many small, simple models —
like many small decision trees — and combines their votes into one, usually more reliable,

final answer.

# Remember

Random Forest = many simple models, working together, voting on the final answer. More
voices usually means fewer mistakes.

Meet XGBoost

XGBoost is one of the most talked-about names in this space, especially in marketing and

sales prediction.

€) Simple Explanation

Let's go back to the hundred salespeople. With Random Forest, all hundred work
somewhat independently, then vote together. XGBoost works a little differently. Imagine the
first salesperson makes their guess. Then, the second salesperson looks specifically at the
cases the first one got wrong, and focuses their attention there. Then the third one focuses
on whatever the first two still got wrong. And so on. Each new model in the chain is
specifically trying to fix the mistakes of the ones before it. By the end, the combined result
is often extremely accurate, because it's been built specifically to correct its own weak
spots, step by step.
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., Onelmportant Warning

This extra accuracy comes with a trade-off. These models take more data, more
computing time, and more expertise to build and maintain properly than something like
Logistic Regression. For many marketing problems, a simpler model gives you 90% of the
value, for a fraction of the effort. Save the bigger models for when the simpler ones
genuinely aren't good enough.

Meet Clustering's Bigger Cousins

In Chapter 6, Arjun used a basic clustering approach to find his four customer groups. There
are more advanced clustering methods too, which can handle much messier, more complex
data — for example, combining purchase history, browsing behavior, and even the text of
customer support messages, all at once. For most marketers, the simple version covered in
Chapter 6 is more than enough to get real value. The advanced versions become useful once

your data is much larger and messier.

Meet Recommendation Systems

You've experienced this one already, probably today.

@ Marketing Example

e "Customers who bought this also bought..." on an ecommerce site.
e "Recommended for you" on a streaming platform.

e "You might also like" in an email.

These are all recommendation systems at work.

€) Simple Explanation

Imagine a well-read friend who's noticed that people who enjoy a certain type of book also
tend to enjoy another specific book, based on watching hundreds of readers over the
years. A recommendation system does something similar, except it's watching millions of
customers, and noticing which products tend to be bought, viewed, or liked together.
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# Remember

Recommendation systems don't need to understand *why* two products go together. They
just need to notice that, across many customers, they usually do.

Do You Actually Need These Bigger Models?

€’ TryThis

Before reaching for a bigger, more complex model, ask yourself three questions:

1. Is my simpler model (like the ones from earlier chapters) already giving me useful,
actionable results?

2. Do | have enough representative data for the model | want to use? More complex models
usually benefit from more data, but there is no universal minimum number that works for
every problem.

3. Do | have someone who can properly build, test, and maintain a more complex model?

If the answer to any of these is no, stick with the simpler approach for now. You can always
upgrade later, once you've proven the basic idea works and your data has grown.

A, Onelmportant Warning

A more complex model is not automatically a better one. A complicated model built on
messy, limited data will often perform worse than a simple model built on clean, well-
understood data. Start simple. Earn your way to complexity.

What's Coming Next

You now understand the basic vocabulary of this entire field. Propensity scores, churn
prediction, clustering, customer lifetime value, attribution, and a friendly overview of the
bigger models people talk about. That's genuinely a lot, and you didn't need a single equation
to get here. In the final chapter, we'll bring everything together into something practical: a
simple, low-pressure plan for your first 30 days of actually using data this way in your own

marketing.
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# Remember

Predict More Sales with Machine Learning

e Bigger models like Random Forest and XGBoost combine many smaller models to catch

more tangled patterns.

e Recommendation systems notice what tends to go together across many customers,

without needing to know why.

e Start with the simplest model that solves your problem. Only move to something bigger

once you've proven the basic idea works.

e More complexity is not automatically more accuracy, especially with limited or messy

data.

v Chapter 9 Quick Summary

e Random Forest combines multiple decision trees voting for a consensus prediction.

» XGBoost sequentially fixes errors from earlier trees for high accuracy.

e Always start with simple models before attempting complex algorithms.

® 6 Quick Q&As — Chapter 9

Q1: What is Random Forest?

An ensemble of decision trees voting
together on predictions.

Q3: How do recommendation systems

work?

They identify products frequently bought or
viewed together across users.

Q5: When should | upgrade to XGBoost?

When a simpler model like Logistic
Regression plateaus in performance.
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Q2: What is XGBoost?

A model that builds trees sequentially, each
fixing mistakes of the previous tree.

Q4: Are bigger models always better?

No, they require more clean data and can
overfit small datasets.

Q6: What is the golden rule of ML

models?

Start simple, prove business value, and earn
your way to complexity.
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ACTION PLAN

Chapter 10 - Getting Started — Your First
30 Days with Data

Rahul, Priya, Arjun, and Neha all started this book the same way you did. A little curious. A
little unsure. Maybe a little worried this would all feel too technical. They've each solved a real
problem now. Rahul knows who's likely to buy. Priya can see churn coming. Arjun
understands his customer groups. Neha knows what a customer is really worth, and which
touchpoints deserve credit for a sale. None of them became data scientists to get there. They

just started, one small step at a time. Let's help you do the same.

YouDon't Need to Do Everything at Once

., Onelmportant Warning

Here's a mistake a lot of marketers make after reading a book like this: They get excited,
and try to build churn prediction, lead scoring, clustering, CLV, and attribution, all in the
same week. That's a fast way to feel overwhelmed and give up. Pick one problem. The one
that's costing you the most right now. Start there.

Week 1: Get Clear on Your Question
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¢ Think About This

Which of these feels closest to your biggest current problem?

e "I'm sending the same offer to everyone, and | don't know who actually needs it." — This
is a propensity scoring problem, like Rahul's, from Chapter 3.

¢ "| find out customers are unhappy only after they've already left." — This is a churn
problem, like Priya's, from Chapter 5.

e "My leads all get treated the same way, but | know they're not all equal." — This is a lead
scoring problem, like Rahul's, from Chapter 4.

e "| feel like | have very different types of customers, but I've never properly separated
them." — This is a clustering problem, like Arjun's, from Chapter 6.

e "| don't actually know which customers are worth chasing harder." — This is a CLV
problem, like Neha's, from Chapter 7.

¢ TryThis

Write down your answer. One sentence. This becomes your starting point.

Week 2: Take Stock of Your Data

You likely already have more data than you think. Most marketers do.

€ TryThis

Make a simple list. Where does your customer data currently live?

e Your CRM (like GoHighLevel, ActiveCampaign, or similar tools)

e Your analytics platform (like GA4)

e Your ad platforms (Meta Ads Manager, Google Ads)

e Your ecommerce or billing platform, if you sell products directly

e Your email platform's engagement data

You don't need to move or clean any of this yet. Just know where it lives.
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# Remember

The goal this week isn't to build anything. It's simply to know what raw material you're
working with.

Week 3: Try the Simple Version First

Remember, throughout this book, we've mentioned simple, rule-based starting points before

jumping to a full model:

e Rule-based lead scoring, from Chapter 4.
e A manual list of "hasn't opened 5 emails in a row," from Chapter 5.

e Arough CLV calculation using averages, from Chapter 7.

€ TryThis

Pick the simple version that matches your Week 1 answer, and actually do it this week. By
hand, in a spreadsheet if needed. No model required yet. This step matters more than it
seems. It forces you to get familiar with your own data, and it often reveals problems
(missing data, inconsistent tracking) before you invest more time or money into a bigger
solution.

Week 4: Decide Your Next Step

By now, you've tried a simple, manual version of your chosen problem. You'll be in one of two

situations:

Situation 1: The simple version already helped. Maybe the manual churn list helped you save a
few customers you would have otherwise lost. Maybe the rule-based lead score already
improved your sales team's focus. If so, that's a real win. Keep refining the rules. You may not

need a full machine learning model right away, and that's perfectly fine.

Situation 2: You can see the potential, but the simple version has limits. Maybe the manual
rules feel too rough, or your data is too large to sort by hand anymore. If so, this is the moment
to bring in a data scientist, a freelancer, or an Al tool to help build a proper model.
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# Remember

You are now in an excellent position, because you already know exactly what problem
you're solving, what data you're using, and what a "good result" should look like. That's
more clarity than most businesses have when they start this process.

What to Ask When You Bring In Help

¢ TryThis

When you talk to a data scientist, freelancer, or Al tool about building a proper model,
come prepared with clear answers to:

1. "What exact question am | trying to answer?" (Be as specific as Rahul's "will this
customer buy in the next 30 days," not as vague as "help with marketing.")

2. "What data do | have available, and where does it live?"

3. "What will | actually do differently once | have this score or grouping?"

That third question matters more than people realize. A model that produces a score
nobody acts on is a wasted effort. You now know, from this entire book, exactly how each
type of score should change your marketing decisions.

A Final Word

@ Marketing Example

Rahul started this book spending the same discount budget on 40,000 customers, most of
whom didn't need it. Priya started this book losing customers with no warning. Arjun
started this book sending one message to a crowd that was actually four very different
groups. Neha started this book spending the same acquisition budget on every lead,
regardless of their long-term value.

None of them needed to become engineers to fix this. They needed to understand what
was possible, ask the right questions, and take one small step at a time. You now know
everything they knew, by the end of their journeys.
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# Remember

Predict More Sales with Machine Learning

Machine learning isn't as scary as it first sounds. It's simply a way of letting your own data

tell you things you couldn't see by looking at it one customer at a time. Start small. Start

with one problem. And start this week.

v Chapter 10 Quick Summary

e Focus on 1business problem first; don't attempt all models at once.

e Build a manual rule-based baseline before hiring data scientists.

e Clear business questions matter more than complex algorithms.

® 6 Quick Q&As — Chapter10

Q1: What is Week 1's goal?

Pick 1 core marketing problem and write a
single prediction question.

Q3: What is Week 3's goal?

Test a simple manual rule-based system in a
spreadsheet.

Q5: What question should you ask before

building a model?

What specific action will we take once we
have this score?
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Q2: What is Week 2's goal?

Inventory available customer data across
CRMs, analytics, and ad tools.

Q4: What is Week 4's goal?

Evaluate manual results and decide whether
to build an ML model.

Q6: What is the key mindset for predictive

marketing?

Start small, validate actions, and iterate step-
by-step.
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CODE LAB

Bonus Chapter - A Simple Python
Walkthrough (DIY Guide)

This chapter is completely optional. If code isn't your thing, feel free to skip this and go
straight to your own data, armed with everything you already learned. But if you're curious
what this actually looks like in practice, let's build a simple version of Rahul's propensity
model together. Don't worry if you don't understand every line. You don't need to become a

Python developer to follow along. I'll explain the important parts.

What We're Building

We're going to build a very simple version of the model from Chapter 3. Given some basic
customer information, we'll predict the probability that a customer buys. This is a simplified,
illustrative example. A real model would use much more data, and much more care around

data cleaning. But the core idea will look exactly like this.

Step 0: How to Run This Yourself (Zero Setup)

1.1. Open Google Colab in your browser (colab.research.google.com).
2. 2. Click 'New Notebook'.
3. 3. Copy and paste the code block below into a code cell.

4. 4. Click the Play button (or press Shift + Enter) to run!

Step 1: Setting Up

Okay, let's build a simple version.
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PYTHON
# We're using a popular, beginner-friendly machine learning library
from sklearn.linear_model import LogisticRegression

import pandas as pd

# This is our training data: past customers, and whether they bought
data = pd.DataFrame({
"site_visits": [8, 1, 4, 9, 2, 6, 1, 7],
"products_viewed": [12, 1, 6, 15, 2, 9, 1, 11],
"added_to cart": [1, @, 1, 1, @0, 1, 0, 1],
"bought_before": [1, 0, 0, 1, 0, 0, 0, 1],
"bought": [1, @, 1, 1, @0, 1, 0, 1] # this is what we're trying to predict
})
That's it. That's the whole ingredient list: a table of past customers, with their behavior and the

outcome we already know.

Step 2: Training the Model

PYTHON
# Separate the "features" (inputs) from the "label" (the answer we want)
features = data[["site_visits", "products_viewed", "added_to_cart", "bought_before"]]

label = data["bought"]

# Create the model

model = LogisticRegression()

# Train it on our past customers

model.fit(features, label)

That's it. We just trained our first model. You don't need to understand every line yet. The
important thing is what the model gave us: a set of learned patterns, built from just 8 rows of
past customer data. In a real project, you'd use thousands of rows, not 8. But the code looks

almost identical.
Step 3: Making a Prediction

Now let's use the trained model on a brand new customer. Let's use Customer C from Chapter
3.

© 2026 Damabytes (https://damabytes.com/). All rights reserved. Page 64 of 90



DAMABYTES EXECUTIVE E-BOOK

PYTHON

new_customer = pd.DataFrame({
"site visits": [4],
"products_viewed": [6],
"added_to_cart": [1],
"bought_before": [0]

b

# Get the probability of buying

probability = model.predict_proba(new_customer)

print(probability)

€» Simple Explanation

Predict More Sales with Machine Learning

‘predict_proba’ simply means "predict the probability." Instead of just saying yes or no, it
gives us a number, just like the propensity scores we talked about back in Chapter 3.
Running this code gives us back a probability, something like 61%, matching the estimate

we walked through by hand in that earlier chapter.

# Remember

This is the same idea from Chapter 3, just written in code instead of explained in words.

Data in. A clear question. A trained model. A probability out.

A Note on Real-World Projects
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., Onelmportant Warning

Real projects involve a lot more than these few lines. Cleaning messy data. Handling
missing values. Testing the model properly, on data it hasn't seen during training, to make
sure it actually works. Deciding which features genuinely matter, and dropping the ones
that don't. This walkthrough shows you the core skeleton. A real, production-ready model
has a lot more careful work wrapped around that skeleton. That's completely okay. You
don't need to build that part yourself. Now you understand what it's doing, and you know
exactly what to ask for when you bring in someone who does this professionally.

Where to Go From Here

€ TryThis

If this sparked your curiosity, a natural next step is trying this out with your own data, in a
free tool like Google Colab, which requires no setup on your computer. Start with the
simplest possible version, exactly like this one. A handful of features, a small amount of
data, one clear question. You'll be surprised how much this small skeleton can already
teach you, even before you add any complexity.

# Remember

You've now seen, from story to code, the exact same idea play out three times: data, a
clear question, a model, and a prediction that helps a real business make a better decision.

That's the whole book, in one loop. Use it well.

v Python Walkthrough Summary

e Python machine learning requires just 5 main steps: Import, Load Data, Separate

Features/Label, Train (fit), and Predict.
e Google Colab allows zero-setup Python execution directly in your browser.

e ‘model.predict_proba()’ outputs the exact percentage score marketers use for targeting.
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® 6 Quick Q&As — Python Walkthrough

Q1: Where can | run this Python code for
free?

In Google Colab (colab.research.google.com)
without installing software.

Q3: What does "predict_proba" return?

A probability array containing non-buyer %
and buyer %.

Q5: What is scikit-learn (sklearn)?

Python's standard machine learning toolkit
library.
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Q2: What does ‘model.fit()" do?

It trains the algorithm by discovering
mathematical relationships in historical data.

Q4: What is pandas used for?

Structuring customer tables (DataFrames) in
Python.

Q6: How can | use this on my real CRM

data?

Export your CRM contacts to CSV and load it
with ‘pd.read_csv('contacts.csv')".

Page 67 of 90



DAMABYTES EXECUTIVE E-BOOK

REFERENCE

Predict More Sales with Machine Learning

Bonus - 25 Predictive Marketing Use Cases

You do not need to build all of these. The goal is to train your brain to spot predictive

marketing opportunities.

Purchase prediction

Who is most likely to buy in the next 7, 30, or
60 days?

Churn prediction

Which customers are showing signs that they

may leave?

Upsell prediction

Who may be ready for a higher-value product

or plan?

Customer lifetime value

Which new customers are likely to be worth the

most over time?

Email response prediction

Who is most likely to open, click, or convert?

Reactivation prediction

Which inactive customers are most likely to

come back?
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Lead conversion prediction

Which new leads are most likely to become

customers?

Repeat purchase prediction

Who is likely to buy again?

Cross-sell prediction

Which product is a customer most likely to buy

next?

Adresponse prediction

Which audience is more likely to respond to a

campaign?

Offerresponse prediction

Which customers are more likely to respond to

a particular offer?

Sales lead prioritization

Which leads should the sales team contact

first?
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Renewal prediction

Which accounts are likely to renew or not

renew?

Product recommendation

What product or content should be shown

next?

Budget allocation

Which channels or segments deserve more
attention based on expected value?

Customer value segmentation

Which customers are high, medium, or low

value?

Price sensitivity estimation

Which segments appear more sensitive to

price?

Content recommendation

What content is most relevant to a visitor or

customer?

Marketing anomaly detection

Which campaign, audience, or metric is

behaving unusually?
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Upgrade prediction

Which users may be ready to move to a higher

plan?

Demand forecasting

How much demand might you see in a future

period?

Audience segmentation

Which natural groups exist inside your
customer base?

Campaign fatigue detection

Which audiences may be receiving too many

messages?

Next-best-action

What action is most useful for this customer

right now?

Sales forecasting

What sales outcome is likely based on the

current pipeline?
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A, Important Note

A use case is not automatically a reason to build a machine learning model. Start with the
business question, check the data, and decide whether prediction will change an actual
decision.
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ANALYTICS

Bonus - Prediction vs. Causation

This is one of the most important ideas in marketing analytics.

Prediction

Prediction asks: "What is likely to happen?”
Example: A model predicts that a customer has a high probability of buying in the next 30
days.

Causation

Causation asks: “What caused the outcome?”
Example: Did giving this customer a 10% discount actually make them buy, compared with
what would have happened without the discount?

Why Marketers Should Care

A model can be very good at prediction without telling you what caused the result. A customer
may be highly likely to buy because they were already ready to buy. Giving them a discount
may not be the reason they purchased.

# Rule of Thumb

Use predictive models to prioritize and forecast. Use experiments, controlled tests, and
causal methods when you need to know whether an action actually caused a change.

Prediction: Who is likely to buy?

Causation: Did my campaign make them buy?

Incrementality: How many extra conversions happened because of the campaign?

Attribution: How should credit be distributed across the customer journey?
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Bonus - When Machine Learning Is NOT the
Answer

One of the smartest things you can do as a marketer is know when not to use machine

learning.

e You have almost no historical data: Start collecting clean data or use a simple rule-based
approach.

» Your tracking is broken: Fix measurement before building a model.

e The question is unclear: Define the decision you want to improve.

o A spreadsheet already solves the problem: Use the spreadsheet. Simple is good.
o A simple rule works well: Keep the rule until it stops being useful.

» Nobody will act on the prediction: Do not build a model just to create a dashboard.

e The business changes constantly: Check whether old patterns are still relevant before trusting
them.

* You need to prove what caused an outcome: Consider an experiment or causal analysis instead
of relying only on prediction.

# BestMindset

Do not ask, "Where can | use Al?" Ask, “Which marketing decision could become better if |
had a useful prediction?”
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INTERACTIVE TOOLS

Bonus - Predictive Marketing Worksheets

Use these interactive worksheets to map out your prediction strategy, inventory your data

sources, and design your lead scoring logic. You can fill out and save your responses right
inside this app.
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Worksheet 1: Define Your Prediction Problem

Business problem | want to improve

Type your response here...

Decision | want to make better

Type your response here...

What exactly do | want to predict?

Type your response here...

Prediction time window

Type your response here...

What counts as a successful outcome?

Type your response here...

Who will act on the prediction?

Type your response here...

What will they do differently?

Type your response here...
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Worksheet 2: DataInventory
Customer ID location/key
Type your response here...

Purchase history source

Type your response here...

Website behavior data source

Type your response here...

Ad interaction data source

Type your response here...

Email interaction data source

Type your response here...

CRM / sales activity data source

Type your response here...

Product or plan data source

Type your response here...

Customer support data source

Type your response here...

Outcome / label source

Type your response here...

Where the data lives
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Type your response here...

Worksheet 3: Lead Scoring Signals
Signal 1
Type your response here...

Why might Signal 1 matter?

Type your response here...

Evidence for Signal 1

Type your response here...

Signal 2

Type your response here...

Why might Signal 2 matter?

Type your response here...

Evidence for Signal 2

Type your response here...
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Worksheet 4: Churn Risk

What does churn mean for my business?

Type your response here...

How far in advance do | want a warning?

Type your response here...

What behavior changes before churn?

Type your response here...

What action will we take for high-risk customers?

Type your response here...

How will we measure whether the action helped?

Type your response here...
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Worksheet 5: Customer Segments
What customer behaviors could define useful groups?
Type your response here...

What products do different customers prefer?

Type your response here...

Who buys frequently?

Type your response here...

Who buys only during discounts?

Type your response here...

Who has high average order value?

Type your response here...

What message should each group receive?

Type your response here...
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Worksheet 6: CLV Thinking

Average order value (%)

Type your response here...

Orders per year

Type your response here...

Average customer lifetime in years

Type your response here...

Simple CLV estimate (AOV x Freq x Life)

Type your response here...

Which acquisition channels bring the highest value customers?

Type your response here...
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CHECKLIST

Bonus - Marketing Data Audit Checklist

Before building any predictive model, run through this checklist:
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Checklist Progress 0 of 15 Completed (0%)

D | know the exact business decision | want to improve.

D | have a clearly defined outcome or label.

E] | know where the relevant data lives.

D Customer IDs can be matched across important systems.

|:| Dates and timestamps are reasonably reliable.

D Duplicate records have been checked.

|:| Missing values have been reviewed.

D Tracking changes have been documented.

[:l | know what happened historically, not just what is happening today.
D | have enough representative examples for the chosen method.

D | have separated training data from evaluation data where appropriate.
D | know which metric matters to the business.

D | know what action will happen after a prediction is made.

|:| | have considered privacy, fairness, and sensitive data.

D I will test predictions before using them to make major budget decisions.
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., GoldenRule

A clean, well-defined business problem with simple data is usually more valuable than a
complicated model built on messy tracking.
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Al TOOLING

Bonus - Al Prompts for Predictive
Marketing

Use these prompts to help you think, plan, and work with Al. Do not paste sensitive customer

information into an Al tool unless you are allowed to do so and the tool is approved for that
data.
Prompt 1: Find predictive opportunities

I am a marketer for [business type]. My available data includes [data
sources]. Give me 10 realistic prediction problems I could investigate. For
each one, tell me the business decision it could improve, the likely target

variable, useful features, and the action I could take.

Prompt 2: Prepare my dataset

I have a marketing dataset with these columns: [columns]. Explain what each
column could be used for, which columns may cause leakage, which columns may

need cleaning, and which columns should probably not be used.

Prompt 3: Lead scoring plan

Help me design a lead scoring project. My outcome is [conversion]. My
available signals are [signals]. Suggest a simple rule-based baseline first,

then a machine learning approach. Explain how I should compare them.

Prompt 4: Churn project
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Help me define a churn prediction project for [business]. Define churn,
prediction window, useful features, evaluation metrics, and actions for high-

risk customers.

Prompt 5: Customer segmentation

Help me design a customer segmentation analysis using [data]. Suggest useful
variables, a sensible baseline, ways to evaluate whether the segments are

useful, and marketing actions for each segment.

Prompt 6: Model explanation

Explain this model result to a nontechnical marketing manager. Focus on what
it means for budget, targeting, sales follow-up, and customer experience.

Avoid unnecessary mathematical language.

Prompt 7: Experiment follow-up

I have a predictive model that identifies [segment]. Help me design a
controlled marketing test to find out whether acting on this prediction

actually improves the business outcome.
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Bonus - Simple Model Selection Cheat

Sheet

Use this as a conversation starter, not as a rigid rulebook:

Question Type

Will the customer .
Classification
buy?

Will the customer .
Classification
churn?

How much will the

Regression
customer spend?
Which customers are )
- Clustering
similar?
What should | )
Recommendation
recommend?

How much demand )
Forecasting
should | expect?
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Suggested Model

Logistic Regression

Logistic Regression /

Tree-based model

Linear Regression /
Tree-based model

K Means or another

clustering method

Collaborative / content-
based methods

Time-series methods

Guidance

Start simple; probability is
easy to explain.

Compare simple and

stronger models.

Choose based on data
shape and business need.

Validate whether the

groups are useful.

Needs enough interaction
or product data.

History and seasonality

matter.

Page 85 of 90



DAMABYTES EXECUTIVE E-BOOK

REFERENCE

Predict More Sales with Machine Learning

Bonus - Predictive Marketing Glossary

Feature

A piece of information used by a model, such

as visits, orders, or days since last purchase.

Training

The process where a model learns patterns
from historical data.

Propensity score

An estimate of how likely a customer is to take
a particular action.

Churn

A customer leaving, cancelling, or becoming

inactive according to the business definition.

CLvV/LTV

An estimate of the value a customer may
generate over their relationship with the

business.

Classification

Predicting a category or outcome such as
yes/no.

Overfitting
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Label

The outcome the model is trying to learn, such
as bought or did not buy.

Prediction

Using a trained model to estimate an outcome
for new data.

Lead scoring

Ranking leads so sales can focus attention
where it is most useful.

Clustering

Grouping similar records without a predefined

outcome label.

Attribution

A method for assigning credit across marketing

touchpoints.

Regression

Predicting a numeric value such as revenue.

Dataleakage
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When a model learns the training data too
closely and performs poorly on new data.

Baseline

A simple method used as a reference point
before trying something more complex.
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When information that would not be available at

prediction time accidentally enters the model.

Incrementality

The additional outcome caused by a marketing
action compared with what would have
happened without it.
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ACTION PLAN

Final Checklist - Your First Predictive
Marketing Project

You do not need a giant Al project. Start with one decision, one dataset, and one useful

outcome.

Checklist Progress 0 of 12 Completed (0%)

D 1. Choose one marketing problem that costs money or time today.
2. Turn the problem into one clear question.

3. Define the outcome you want to predict.

4. List the data you already have.

5. Check whether the data is clean enough to use.

6. Create a simple rule-based baseline.

7. Decide how you will measure success.

8. Build or ask for a simple model.

9. Test it on data it did not learn from.

10. Turn the prediction into a real marketing action.

11. Measure whether the action improved the business result.

O 0O 0004040000 4g g

12. Only then consider a more advanced model.

© 2026 Damabytes (https://damabytes.com/). All rights reserved. Page 88 of 90



DAMABYTES EXECUTIVE E-BOOK Predict More Sales with Machine Learning

€’ YourNext Move

Pick one problem from this book and spend the next seven days understanding the data
behind it. You do not need to become a machine learning engineer. You need to become

the marketer who knows what to ask.
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CLOSING

A Note From the Author

If you made it this far, you already understand something that many marketers miss: data
science is not about making marketing less human. It is about helping humans make better

decisions.

The goal of this book was never to turn you into an engineer overnight. It was to help you look
at your marketing data and start asking better questions:

o Who is likely to buy?

e Who might leave?

e Who is worth more?

o Which customers are actually similar?

o Which marketing actions are worth testing?

Those questions are where predictive marketing begins.

Start small. Test what you learn. Keep your business judgment in the loop. And let the data
challenge your assumptions.

— Damabytes (https://damabytes.com/)
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