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Chapter 1 The Simplest Possible Explanation

What Is Machine Learning? — In Plain
English

Imagine you want to teach a child to recognise dogs. You don't write a rulebook that says "four
legs + fur + barks = dog." Instead, you show them hundreds of photos of dogs and say "dog!"
each time. After enough examples, the child learns to recognise dogs on their own — even dogs
they've never seen before. That is exactly what Machine Learning does.

Machine Learning (ML) is a way of teaching computers to learn from examples instead of
being programmed with explicit rules. You feed it data, it finds patterns, and it uses those
patterns to make decisions or predictions on new, unseen data.

3.5B+ 94% $500B | 75yrs

Google searches use of executives say ML is ML market size of research brought us
ML every day key to their future projected by 2030 here

1.1 ML vs. Traditional Programming

Traditional Programming vs Machine Learning

Traditional Programming Machine Learning

INPUT DATA INPUT DATA ANSWERS
(Emails Emal (Spam labels)

(Written by humans:
if "win money" - spam)

ML ALGORITHM
learns patterns automatically

COMPUTER
follows rules

OUTPU
(Spam / Not Spam)

OUTPUT on NEW data
(Never seen before!)

Figure 1.1 — The fundamental difference: you give ML data and answers, it figures out the rules.

In traditional programming, a human expert writes every rule the computer follows. If you want a
spam filter, you write: "If the email contains '"You have won' and ‘click here' then mark as spam."
The problem? Spammers adapt. New tricks break your old rules.
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With Machine Learning, you simply show it 10,000 emails labelled "spam" and "not spam" and let
it figure out the rules itself. It discovers patterns you never would have thought to write — and it
keeps improving as it sees more examples.

1.2 Why Machine Learning Exploded Right Now

The ideas behind ML are 70+ years old. So why is everyone talking about it only now? Three
things converged at the same time:

Massive amounts of data: Every click, purchase, photo, and message creates data. The
internet generates more data in one day than was created in all of human history before
2003.

Cheap computing power: Graphics cards (GPUs) designed for video games turned out to
be perfect for the math ML requires — and they've become 1000x more powerful and
affordable.

Better algorithms: Researchers discovered new techniques (especially Deep Learning) that
finally made ML accurate enough to be useful in the real world.

1.3 What ML Cannot Do — Setting Realistic Expectations

ML is powerful but not magic. Understanding its limits saves you from expensive mistakes:
It needs examples: ML learns from data. No data = no model. A model is only as good as
the data it was trained on.

It doesn't "understand": ChatGPT sounds intelligent but it's doing very sophisticated
pattern matching — not thinking.

It can be wrong: An ML model gives probabilities, not certainties. Always have a human in
the loop for high-stakes decisions.

It can be biased: If your training data has biases, your model will too. Garbage in, garbage
out.

m Key Takeaways

m ML teaches computers to learn from examples rather than following hand-written rules.
m Traditional programming: you write the rules. ML: you provide the data and it finds the rules.

m Three forces made ML explode: massive data, cheap GPUs, and better algorithms (Deep
Learning).

m ML is not magic — it needs good data, and it will inherit any biases in that data.

m ML gives probabilities, not certainties — always keep humans in the loop for important decisions.
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Chapter 2 From Turing's Question to ChatGPT

A Brief History — 75 Years of Progress

The History of Machine Learning — 75 Years of Progress

Backprop
Algorithm Random ChatGPT &

i Forest GenAl Boom
1

*—0—0 o o—©&-

1950 1*7 1980s 1987 2001 2006 2012 2017 2022 2024+
I
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1
1

Perceptron ~
Invented Deep Blue I‘gt;lg;ondtzl
beats Chess

Figure 2.1 — 75 years of ML history from Turing's first question to today's Al boom.

2.1 The Birth of an Idea (1943—-1969)

It all started with a simple question. In 1950, Alan Turing — the father of computer science —
asked: "Can machines think?" He proposed the Turing Test: if a machine can convince a human
it is human through conversation, we might call it intelligent. This single question launched a field
that would take 70 years to truly flourish.

In 1957, Frank Rosenblatt built the Perceptron — the world's first artificial neuron. It could learn
to recognise simple patterns. People were excited. Headlines proclaimed that computers would
soon "walk, talk, see, and reproduce."” They were right — just 60 years early.

2.2 The Al Winters — When Everyone Gave Up

Progress stalled. Twice. In 1969 and again in the 1980s, researchers couldn't scale their ideas
— computers were too slow, data was too scarce, and algorithms weren't powerful enough.
Funding dried up, research slowed, and Al became an almost dirty word. These periods are
called "Al Winters." But a small group of true believers kept working quietly in the background.

2.3 The Deep Learning Revolution (2006—2016)

Geoffrey Hinton, Yann LeCun, and Yoshua Bengio (now called the "Godfathers of Al") never
gave up on neural networks. In 2006, Hinton published a breakthrough paper showing how to
train very deep networks. In 2012, a deep learning model called AlexNet destroyed every
competitor in the ImageNet image recognition competition — cutting the error rate nearly in half.
The world paid attention. Every major tech company began pouring resources into deep
learning.
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2.4 The GenAl Era (2017-Today)

In 2017, Google researchers published a paper called "Attention Is All You Need" introducing the
Transformer architecture. This single paper enabled GPT, BERT, DALL-E, Stable Diffusion, and
ultimately ChatGPT — which reached 100 million users in just 2 months, faster than any product
in history. We are now living in the most consequential era of ML progress ever.

m Key Takeaways

m ML has 75 years of history — the recent boom was built on decades of quiet foundational work.

m The field experienced two "Al Winters" where progress stalled and funding dried up.

m The 2012 ImageNet moment was the turning point — deep learning finally proved its power
publicly.

m The 2017 Transformer paper enabled ChatGPT, GPT-4, Gemini, and all modern large language
models.

m We are in the fastest period of ML progress in history — and it is accelerating.
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Chapter 3 Supervised, Unsupervised & Reinforcement

From Zero to Building Your First Model

The Three Types of Machine Learning

SUPERVISED

LEARNING

Lea
labelled examples

Like a student
with an answer key

Real-World Examples:

* Spam detection

+ House price prediction

« Medical diagnosis

= Image recognition

Three Types of Machine Learning

UNSUPERVISED

LEARNING

Find
pattern:

en

dd
s on its own

Like sorting
a mixed bag of items

Real-World Examples:

* Customer segmentation
* Anomaly detection
= Topic modelling

+ Data compression

REINFORCEMENT
LEARNING

V
and reward/penalty

Like training
a dog with treats

Real-World Examples:

* Game playing Al

* Robot control

= Self-driving cars

+ Trading bots

Figure 3.1 — The three fundamental types of ML and their real-world applications.

3.1 Supervised Learning — Learning with a Teacher

Supervised learning is like learning with a teacher who has the answer key. You study 1,000 maths
problems and their correct answers. Eventually you understand the patterns well enough to solve new
problems you've never seen. The "supervision" is the labelled examples (correct answers) in your

training data.

Supervised learning is the most common type of ML and the first one you should learn. It has two
sub-types: Classification (deciding which category something belongs to — cat or dog? spam
or not spam?) and Regression (predicting a number — what will this house sell for? how many
units will we sell next month?).

3.2 Unsupervised Learning — Finding Hidden Patterns

Wreetojyoti Ray

© 2025 Wreetojyoti Ray. All Rights Reserved. Machine Learning for Everyone — From Zero to Building Your First Model. Unauthorized reproduction prohibited.




Machine Learning for Everyone From Zero to Building Your First Model

Imagine being handed 10,000 customer records with no labels — just purchase histories,
demographics, and behaviours. Unsupervised learning automatically groups similar customers
together. You discover: "Group A are young deal-hunters, Group B are loyal premium buyers, Group C
are occasional gifters." Nobody told it what to look for — it found the structure itself.

3.3 Reinforcement Learning — Learning by Doing

A child playing a video game doesn't read the manual. They press buttons, see what happens, and
learn which actions score points. Reinforcement Learning works the same way: an "agent" takes
actions in an environment, receives rewards for good actions and penalties for bad ones, and
gradually learns the optimal strategy. This is how AlphaGo mastered chess and Go.

3.4 Which Type Do | Need?

Your Situation Type of ML Example Model

| have labelled data + want to predict &cptgmgd — Classification Logistic Regression, Random Forest
| have labelled data + want to predict Snpenbsed — Regression  Linear Regression, XGBoost

| have data but no labels — find grougsnsupervised — Clustering K-Means, DBSCAN

| have data but no labels — reduce cadndagityvised — Dim Reductid?CA, Autoencoders

I want an agent to learn by interactingReinforcement Learning Q-Learning, PPO

| want to detect unusual/abnormal iterigisupervised — Anomaly Detlsciiation Forest, Autoencoder

m Key Takeaways

m Supervised Learning: learn from labelled examples — most common type for business use
cases.

m Unsupervised Learning: find hidden patterns in unlabelled data — great for customer
segmentation.

m Reinforcement Learning: learn by trial, reward, and penalty — used in games, robots, and
trading.

m If you have labelled data, start with Supervised Learning — it's the most reliable and understood.

m Most beginner projects are Supervised Learning: predict a category (classification) or a number
(regression).
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Chapter 4 Data, Features, and the Training Loop

How a Machine Actually Learns — No Maths
Required

4.1 Data: The Raw Material of ML

If ML is a bakery, data is the flour. You cannot bake without it, and cheap flour makes bad bread.
The quality, quantity, and variety of your data determines the ceiling of what your model can ever
achieve. This is why data scientists spend 70-80% of their time collecting, cleaning, and
preparing data — not building models.

Types of Data ML Can Learn From

TEXT IMAGE TIME SERIES AUDIO /
DATA DATA DATA VIDEO

Excel spreadsheets, Documents, emails, Photos, scans, Anything recorded Recordings, streams,
CSV files, databases reviews, social posts X-rays, screenshots over time podcasts, CCTV
Examples: Examples: Examples: Examples: Examples:
* Customer sales records = Email classification * Face recognition = Sales forecasting * Voice assistants
« Financial transactions - Sentiment analysis « Quality inspection « Stock prices « Music genre
* Survey responses * Chatbots * Medical imaging * Weather * Security alerts

« Product inventory « Document search « Product ID * Server metrics * Meeting transcripts

Figure 4.1 — The five types of data that ML can learn from.

4.2 Features and Labels — The Vocabulary of ML

Plain English Example (House Price Prediction)

Feature An input variable — what you kn@&ize (sqft), Bedrooms, Location, Age
Label The answer you want to predict Sale Price ($350,000)

Training Data Examples with known answers 10,000 past house sales

Test Data New examples to check accuracyt,000 sales the model never saw
Prediction The model's output on new data "This house will sell for ~$342,000"
Accuracy How often predictions are correcWithin 5% of actual price: 78% of time

4.3 The Training Loop — How the Model Gets Better

Wreetojyoti Ray Page 11

© 2025 Wreetojyoti Ray. All Rights Reserved. Machine Learning for Everyone — From Zero to Building Your First Model. Unauthorized reproduction prohibited.




Machine Learning for Everyone From Zero to Building Your First Model

How a Machine Learns — The Training Loop

REPEAT
10,000x

Feed the model Model predicts: Wrong! Nudge the Error drops
1,000 cat photos "That's a dog?" Error = 0.87 numbers slightly t00.02 v
Step 1 Step 2 Step 3 Step 4 Step 5
The Error drops as the model learns!
2.0 -
15+
£ 10+
I}
0.5
Db ' ' ' ' ' '
0 20 40 60 80 100

Training Rounds (Epochs)

Figure 4.2 — The training loop: show data — guess - measure error - adjust - repeat 10,000 times.

Training a model is simply repeating this loop thousands of times. Each time, the model makes a
prediction, compares it to the correct answer, measures how wrong it was (the "loss" or "error"),
then makes tiny adjustments to its internal numbers (called "weights") to be slightly less wrong
next time. After thousands of repetitions, it becomes remarkably accurate.

Imagine learning to throw darts blindfolded. Someone tells you "2 inches left, 3 inches high" after each
throw. You adjust. Throw again. Adjust. After 10,000 throws, you can hit the bullseye consistently even
blindfolded — because you've internalised the adjustments. ML training is exactly this: feedback -
adjust - repeat until the error is tiny.

m Key Takeaways

m Features are your input variables (what you know); labels are what you want to predict (the
answer).

m The training loop: show data — predict - measure error — adjust weights — repeat thousands
of times.

m Data scientists spend 70-80% of their time on data preparation — not building models.

m Training data is what the model learns from; test data is what you use to check if it actually
learned.

m More data usually means better models — but quality matters far more than quantity.

Wreetojyoti Ray Page 12
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Chapter 5 The Architecture Inspired by the Human Brain

Neural Networks — Teaching Computers to
Think

A neural network is a mathematical system loosely inspired by the human brain. Your brain has
about 86 billion neurons connected by trillions of synapses. When you see a cat, signals fire
across these connections and you recognise it. A neural network does something similar with
numbers.

How a Neural Network Works — The Brain Analogy

HIDDEN HIDDEN OUTPUT
LAYER 1 LAYER 2 LAYER

Each connection
has a “weight”,
(importance)

=

Your data goes in Finds basic Final answer
(pixels, numbers, patterns Combines patterns (Cat/Dog, $Price,
words) (edges, sounds) (shapes, words) Yes/No)

Figure 5.1 — How a neural network is structured: input — hidden layers — output.

5.1 Neurons, Layers, and Weights

Each circle in the diagram is an atrtificial "neuron.” It receives numbers from the previous layer,
does a simple calculation, and passes a result to the next layer. The lines between neurons have
"weights" — numbers that say how important that connection is. Learning = adjusting these
weights until the network gives the right answers.

Input Layer: Receives your raw data. If you're recognising a 28x28 pixel image, the input
layer has 784 neurons — one per pixel.

Hidden Layers: Where the magic happens. Early hidden layers detect simple patterns
(edges, colours). Deeper layers detect complex patterns (faces, objects). "Deep Learning"
just means many hidden layers.

Output Layer: Gives the final answer. For classifying 10 digits (0-9), you'd have 10 output
neurons. The one with the highest value is the prediction.

5.2 How a Computer Sees an Image

Wreetojyoti Ray Page 13
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To humans, a photo of a cat is obvious. To a computer, it is simply a grid of numbers — each
pixel has a number from 0 (black) to 255 (white). A 200x200 colour photo is just 200x200x3 =
120,000 numbers. A Convolutional Neural Network (CNN) is specifically designed to find
patterns in these grids. The first layers detect edges, the next detect shapes, the next detect
body parts, and eventually it can identify "cat" with 99%-+ accuracy.

5.3 How a Computer Understands Text

Words cannot be fed directly to a neural network — they must be converted to numbers first.
This is done with "embeddings" — each word gets represented as a list of hundreds of numbers
that capture its meaning and relationships to other words. "King" minus "Man" plus "Woman"
equals approximately "Queen" in this numerical space — remarkable! Recurrent networks
(LSTMs) and Transformers (the technology behind ChatGPT) then process these sequences to
understand meaning, sentiment, and context.

m Key Takeaways

m A neural network is millions of simple calculations combined to solve complex problems.

m Weights are the learnable numbers in the network — training is just finding the right weights.
m "Deep Learning" simply means using neural networks with many hidden layers.

m CNNs are specialised for images — they detect edges, shapes, and objects layer by layer.
m Text is converted to numbers (embeddings) before a neural network can process it.

® You don't need to understand the maths to use neural networks — tools like Keras handle it.

Wreetojyoti Ray Page 14
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Chapter 6 The Algorithms Behind the Magic — In Human Terms

Every Major ML Model Explained Simply

The Machine Learning Model Landscape DEEP
LEARNING

= Linear Regression * Neural Networks

« Logistic Regression « CNN (Images)

* Decision Tree « LSTM (Sequences)
+ Random Forest \ / * Transformers
- svM « GANs

« Naive Bayes « Autoencoders

Machine

Learning

ENSEMBLE SPECIALISED
METHODS MODELS
* XGBoost = K Mcans Clustering

- LightGBM = PCA (Dim Reduction)

- CatBoost « Q-Learning (RL)

= Gradient Boosting = ARIMA (Time Series)

+ Bagging « Bayesian Models

+ Stacking « Anomaly Detectors

Figure 6.1 — The complete ML model landscape organised by category.

6.1 Linear Regression — The Grandfather of ML

Imagine plotting house sizes on the X axis and prices on the Y axis. Linear regression draws the single
best straight line through all those dots. Once you have the line, plug in any house size and read off
the predicted price. Simple, fast, and surprisingly powerful for many real-world problems.

Use when: predicting a continuous number (price, sales, temperature, revenue). Strength:
incredibly simple, fast, and the result is easy to explain. Weakness: only works when the

relationship is roughly linear (a straight line fits).

6.2 Decision Trees & Random Forests

Page 15
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Decision Tree — "Should | Buy This House?"

Price < $400,000?

e
ves N. V =

MAYBE — negotiate SKIP — overpriced

Why Decision Trees are great for beginners: Each decision is a simple YES/NO question + You can draw it on paper * You can explain every decision + Works with any typg of data

Figure 6.2 — A Decision Tree making real estate decisions through simple YES/NO questions.

A Decision Tree asks a series of yes/no questions about your data and follows a branch based
on each answer until it reaches a conclusion. It literally looks like an upside-down tree. Every
non-expert can understand it by reading each node — this "explainability" makes it popular in
regulated industries like banking (loan approvals) and healthcare (diagnoses).

A Random Forest builds 100—-1000 decision trees, each slightly different (using random subsets
of data and features), then lets them vote on the answer. This "wisdom of crowds" approach is
much more accurate than a single tree and highly resistant to noise. It is one of the most reliable
and easy-to-use models for tabular (spreadsheet) data.

6.3 XGBoost — The Competition Champion

XGBoost builds trees one by one, but each new tree specifically tries to fix the errors the previous
trees made. It's like hiring a committee of experts where each new member specialises in the cases
the team currently gets wrong. The result is exceptional accuracy on almost any tabular data problem.
XGBoost has won more Kaggle data science competitions than any other algorithm — it is the industry
workhorse.

6.4 K-Means Clustering — Grouping Without Labels

K-Means is the most popular unsupervised learning algorithm. You tell it how many groups (K)
you want, and it automatically sorts your data points into K clusters, where similar items end up
together. Used constantly in marketing to segment customers: "Budget shoppers,” "Premium
loyalists," "One-time buyers" — these groups emerge from the data automatically.

6.5 Transformers — The Technology Behind ChatGPT

Wreetojyoti Ray Page 16
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The Transformer is the most important ML invention of the last decade. Its key innovation is the
"attention mechanism" — the ability to focus on the most relevant parts of the input when
producing each word of the output. When translating "The cat sat on the mat" to French, the
Transformer knows that when generating "chat" (cat), it should pay attention to "cat" in the
English input. GPT-4, Gemini, Claude — all are Transformer-based models.

6.6 Model Comparison at a Glance

Choosing the Right ML Model — Quick Reference

““ Explainsbility

Linear Regression ok K Predict a number (sales, price)

Logistic Regression * ok kK Yes/No decisions (spam or not)

Decision Tree ok e Ak Visual, explainable decisions

Random Forest ok ke ok Tabular data. robust to noise

XGBoost Jed e He ook ke Competition winner, tabular data

Neural Network e e Ak * ke Images, text, complex patterns

LSTM e e Ak * ke Time series, sequences, text

K-Means Clustering ok e e ek Group similar items (no labels)

ARIMA Jod ok K Time series forecasting

Figure 6.3 — Every major ML model compared by ease of use, power, and explainability.

m Key Takeaways

m Linear/Logistic Regression: easiest to use and explain — start here for numerical predictions and
yes/no classification.

m Decision Trees: visual, explainable, great for auditable decisions — perfect for beginners.

m Random Forest: takes 5 lines of code, works on almost any problem, highly robust — your go-to
default.

m XGBoost: the competition winner for tabular data — slightly harder to tune but outperforms most
alternatives.

m Neural Networks: necessary for images, audio, and complex text — but overkill for spreadsheet
data.

m Transformers: the technology powering all modern Al chatbots and language models.
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Chapter 7 Collecting, Cleaning & Preparing Your Dataset

Your Data — The Foundation of Everything

"Data is the new oil" is a famous saying in tech. A better version: "Data is the new soil." Oil can
be refined into something useful. Soil needs to be cultivated — tended, enriched, and prepared
— before anything grows. The same is true for ML data. Raw data is almost always messy,
incomplete, and misleading.

7.1 The 80/20 Rule of ML Projects

80% 20% 1%

of project time is data collection difference in data quality can
& cleaning is actually building the model mean 10%+ accuracy gain

7.2 Cleaning Your Data— Common Problems and Fixes

Missing values Empty cells in your spreadsheet Fill with average, median, or most common value; or remove the row
Wrong data types Numbers stored as text "2,000" vs 2000ert to correct type; remove commas/symbols

Outliers One house sold for $50M in a $300Rvesigdieurhoeal anomaly or data entry error?

Duplicates Same record appears twice Remove duplicates; keep one copy

Inconsistent format "London," "LONDON," "london"  Standardise to one format

Wrong labels Cat labelled as dog in training dataQuality review; spot-check your labels

Imbalanced classes 99% "not fraud," 1% "fraud" Oversample the rare class or weight the loss function

7.3 The Training / Validation / Test Split

You never evaluate your model on the same data it was trained on — that's like a student
memorising the exam answers instead of learning the subject. You split your data into three
groups: Training set (70%) — what the model learns from. Validation set (15%) — used during
training to tune settings (hyperparameters). Test set (15%) — locked away and only used at the
very end to measure true accuracy.
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m Key Takeaways

m Spend 80% of your project time on data — not the model. Good data beats a complex model
every time.

m Always check for missing values, duplicates, wrong formats, and mislabelled examples.
m Split your data 70/15/15 into training, validation, and test — never evaluate on training data.

m Imbalanced classes (99% one label) are common in fraud and medical data — always address
this.

m The best data scientists are obsessive about data quality — this is the real skill that separates
them.
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Chapter 8 The 7-Step Workflow + Your First Python Code

Building & Evaluating Your First Model

Your ML Project Workflow — 7 Steps from Idea to Working Model

a 5
[ . 6
| | —> Choose B — Train —
I Model Model Evaluate
9 y
m'ﬁ\lhat question Gather relevant Fix errors, Pick algorithm Let it learn How agcurate
?ﬁ you ahswering? examples fill missing values for your task from your data is |t?
See
Ey
g |
Deploy &
Automate
Use it in real
tife7appst
Define Collect Clean Choose Train Evaluate Deploy
30 min 1-2 days 2-3 days 30 min 1-8 hrs 1hr 1-2 days

Approximate Time for a Beginner Project

Figure 8.1 — The 7-step workflow for any ML project, with approximate time for a beginner.

8.1 Overfitting & Underfitting — The Goldilocks Problem

Underfitting vs. Good Fit vs. Overfitting — Explained Simply

Underfitting Overfitting
(Too Simple) (Too Complex)
20 205 20 -
@ Ourdata @ Ourdata @ Ourdata
True pattern True pattern True pattern
a5 R —— Model a5<| R Model a5 — Model
. °
10- 10 - ° 10
° 0
.
05 05 05
6 o0
.
00- 00 00
S °
-05 -0.5 Y 0.5
LS [
1.0 - -1.0 = 1.0
° e
15 o9 -15 [J 15
Straight line on a curved problef! Captures the true pattern. Memorised the noise.
The model hasn't learned enough Wil work well on new data. Will fail on new data.
2.0 0 0 0 0 T T =207 T T T T v 2.0 0 0 0 0 0 g
0.0 02 0.4 06 08 10 00 02 04 06 08 10 0.0 02 0.4 06 08 10

Figure 8.2 — Too simple (underfitting) vs just right vs too complex (overfitting).

The biggest challenge in ML is building a model that generalises — one that performs well on
data it has never seen. Underfitting means the model is too simple and hasn't learned enough
from the data. Overfitting means the model memorised the training examples (including their
noise) instead of learning the true pattern — it works perfectly on training data but fails on new
data. Your job is to find the "just right" model in between.

8.2 How to Measure If Your Model Is Good

Accuracy % predictions that are correct Balanced classification problems
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Precision Of all "positive" predictions, how many werVhght?false positives are costly (spam filter)

Recall Of all actual positives, how many did we cat¢hén false negatives are costly (cancer screening)
F1 Score Balance of Precision and Recall Imbalanced datasets

MAE Average error in the same units as your pré&bgtieossion: easy to interpret

RMSE Like MAE but penalises big errors more = Regression: when large errors are especially bad
AUC-ROC How well does the model rank positives abBieanegktssication, works on imbalanced data

8.3 Your First Model — Predicting House Prices (Full Code)

Here is a complete, working ML project in Python. It predicts house prices from a dataset. Every
line is commented to explain exactly what it does. Copy this into Google Colab
(colab.research.google.com — completely free) and run it. You just built an ML model.

EEEEEEEEEEEEEEESESESESEEEEEEEEEEEENEEEEEEEEEEEEEEEEEEEEEEEEEEEEN
YOUR FI RST MACHI NE LEARNI NG MODEL —House Price Predictor

Run this FREE at: col ab.research. googl e. com
EEEEEEEEEEEEEEESESESESEEEEEEEEEEEENEEEEEEEEEEEEEEEEEEEEEEEEEEEEN

H* OH O H

# STEP 1: Inport the tools we need

i mport pandas as pd # For working with tables of data

i mport nunpy as np # For nunbers and nat hs

from skl earn. nodel _sel ection inport train_test_split # Split data

from skl earn. ensenbl e i nport Randonfor est Regr essor # Qur M. nodel
fromsklearn.metrics inport mean_absol ute_error # Measure accuracy
from skl earn. preprocessing inport StandardScal er # Normal i se nunbers

# STEP 2: Load sone sanple data (built-in dataset)
from skl earn. datasets inport fetch_california_housing
data = fetch_californi a_housi ng(as_frane=True)

# Qur table of house features
X = dat a. dat a # Features: roons, |ocation, incone, etc.
dat a. t ar get # Label : house price (in $100, 000s)

<
1

print(f"We have {len(X)} houses and {X shape[ 1]} features each")
print (X head()) # Look at the first 5 rows

# STEP 3. Split data —80% for training, 20%for testing
X train, X test, y train, y test = train_test_split(

Xy,
test _size=0. 2, # 20% goes to test set
random st at e=42 # Makes results reproducible

)

print(f"Trai ning houses: {len(X train)}, Test houses: {len(X test)}")

# STEP 4: Build the nodel (just 3 lines!)
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nodel = Randontor est Regressor (
n_esti mat or s=100, # Use 100 deci sion trees
random st at e=42

)

# STEP 5: Train the nodel —let it |earn!
nodel . fit(X_train, y_train)

print("Mdel trained! Now let us see how good it is...")

# STEP 6: Make predictions on houses the nodel never saw
predi cti ons = nodel . predict(X_ test)

# STEP 7: Measure how accurate we are
error = nean_absolute_error(y_test, predictions)

print(f"Average prediction error: ${error * 100000:,.0f}")

# How did we do on a few specific houses?

for i in range(5):
act ual =y test.iloc[i] * 100000
predicted = predictions[i] * 100000
print(f"House {i+1}: Actual ${actual:,.0f} | Predicted ${predicted:,.0f}")

# BONUS: What features matter nost?

i mportance = pd. Seri es(nodel . feature_i nportances_, index=X colums)
print("\nTop 3 nost inportant features:")

print (inportance. nl argest (3))

# OUTPUT you'll see:

# Average prediction error: ~$32,000
# That neans our nodel is within $32K on a typical house —not bad!

m Key Takeaways

m Every ML project follows the same 7 steps: Define — Collect — Clean - Choose Model - Train
- Evaluate - Deploy.

m Overfitting = memorising the training data. Use more data, simpler models, or regularisation to
prevent it.

m Accuracy isn't always the right metric — use Precision, Recall, or F1 for imbalanced problems.
m Google Colab lets you run Python ML code for free — no installation, works in any browser.
m RandomForestRegressor is your safest first model for tabular data — works well out of the box.

m model.fit(X_train, y_train) is the single line that makes the computer learn. Everything else is
setup.
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Chapter 9

Practical Use Cases You Can Build Today

Automating Your Work with ML

10 Things You Can Automate with ML — Starting Today

4.
4 A
[ 1 Invoice Sales
\ ) Processing Forecasting
" y

Auto-label & route Extract data from Predict next month Flag customers

your inbox scanned invoices before month-end likely to leave
Resume Price
Screening Optimisatio
Monitor brand Rank candidates Flag unusual Set best price

opinion daily

Report
Generation

Auto-draft weekly
business reports

automatically

spend in seconds per channel/SKU

Inspection

Reject defective
products by image

Figure 9.1 — Ten things you can automate with ML, starting today.

9.1 Start with No-Code Tools

You do not need to write a single line of code to build your first ML model. These tools let you
upload your data and get predictions in an afternoon:

Tools to Build ML Without Writing Code

Microsoft AWS =
Azure ML SageMaker Er:ggeleMl. | T;:f;:i:‘l:
Studio Canvas

Point-and-click Drag-and-drop Upload CsV, Train image & Webcam-trained
model training ML pipelines choose goal, text models on image classifier

on any data no code needed get predictions your Mac in browser

Free tier Free 12-month Free with 100% free
available trial EaVepEEUEe macos google.com/tm

When You're Ready to Code: The Python Starter Path
Week 1-2 Week 3-4 Week 5-6 Week 7-8 Month 3+

Python basics Pandas for Scikit-learn First complete Keras &

(variables, loops) data tables ML models project Deep Learning

Figure 9.2 — No-code ML tools and the Python learning path for when you are ready.

9.2 Connecting ML to Your Existing Tools

Google Sheets + AutoML: Train a model on your spreadsheet data and get predictions
back in new columns — no code.
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Zapier + OpenAl API: Trigger email classification, summarisation, or categorisation
whenever a new email arrives.

Power Bl + Azure ML: Embed a trained ML model directly into your Power Bl dashboard for
live predictions.

Excel + Python Add-in: Run Python ML scripts directly inside Excel with the Microsoft
Python integration.

Notion + Make.com: Automatically classify and tag incoming documents or database entries
using ML APls.

9.3 When NOT to Use ML

ML is not always the answer. Use a simple rule instead when:

* You can write a simple rule that is always correct (e.g., "if invoice total > $10,000, require
manager approval®)

* You have very little data (fewer than a few hundred examples)

* The cost of a wrong prediction is catastrophic and unexplainable (critical medical/legal
decisions)

* You need a guaranteed, auditable, 100% deterministic outcome every time

» The simpler, cheaper solution (a lookup table, an Excel formula) works just as well

CINCYAEUCEETS

®m You can build your first ML automation TODAY using Google AutoML, AWS Canvas, or
Teachable Machine — no code needed.

m ML integrates with tools you already use: Excel, Google Sheets, Power Bl, Zapier, and Notion.

m Start with the problem, not the model — ask "what decision would | make better with a
prediction?"

m ML is not always the answer — simple rules beat ML when data is scarce or decisions must be
100% auditable.

m The biggest ROI from ML automation is usually in repetitive, high-volume, rule-based tasks.

Wreetojyoti Ray Page 25

© 2025 Wreetojyoti Ray. All Rights Reserved. Machine Learning for Everyone — From Zero to Building Your First Model. Unauthorized reproduction prohibited.




Machine Learning for Everyone From Zero to Building Your First Model

Chapter 10 From This Book to Your First Real Model

Your Learning Roadmap — What to Do Next

10.1 The 8-Week Beginner Plan

Week 1: Try no-code tools

Build something in Google AutoML or Teachable Machine. Train a model that recognises
your handwriting or classifies your email folders. Feel the magic before touching code.

Complete any free Python course (Codecademy, freeCodeCamp). Focus on variables, loops,
functions, and lists. You need about 4—6 hours.

Learn to load a CSV, inspect it, filter rows, handle missing values, and compute basic
statistics. The official pandas tutorial takes 3 hours.

Week 4: Scikit-learn basics

Run the house price code from Chapter 8. Change the model from RandomForest to
LinearRegression. See how the accuracy changes. Experiment.

Week 5-6: Your first real project

Pick data you care about (your company sales, sports results, personal finances). Define a
prediction goal. Follow the 7-step workflow. This is the most important step.

Week 7: Keras and neural networks

Follow the official Keras beginner tutorial. Build a neural network that classifies handwritten
digits. Run it in Google Colab.

Week 8: Share and get feedback

Post your project on LinkedIn or Kaggle. The ML community is overwhelmingly supportive of
beginners. Feedback will accelerate your learning faster than any course.

10.2 Best Free Resources

fast.ai Practical Deep Learning Video course ~20 hrs fast.ai

Kaggle Learn Interactive notebooks ~15 hrs kaggle.com/learn
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Google Machine Learning Crash CourseVideo + exercises ~15 hrs developers.google.com/ml
3BluelBrown Neural Networks YouTube videos ~3 hrs youtube.com/3b1lb

Hands-On ML (Géron) Book 40+ hrs O'Reilly / GitHub free preview
Andrew Ng ML Specialisation Coursera ~60 hrs coursera.org (audit free)
Teachable Machine Interactive tool 30 min teachablemachine.withgoogle.com
Google Colab Free GPU notebooks Ongoing colab.research.google.com

m Key Takeaways

m Week 1: use no-code tools to experience ML magic before writing any code.

m Week 2-3: learn Python and Pandas — the foundation of all data science work.

m Week 4-5: run the example code, change things, break things, learn from it.

m Week 6: pick a project with data you genuinely care about — passion accelerates learning.

m Week 8: share your work publicly — the ML community is one of the most welcoming in tech.

m You do not need a computer science degree. You need curiosity, patience, and consistent
practice.
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You Have Everything You Need

When Wreetojyoti Ray started learning Machine Learning, it felt like reading a foreign language.
The maths looked terrifying, the jargon was impenetrable, and every tutorial assumed knowledge
that took years to build. This book was written to be the guide that didn't exist then.

Machine Learning is not reserved for PhDs at Silicon Valley companies. It is a tool — like Excel
or PowerPoint — that anyone can learn to use effectively. The algorithms don't care about your
background. The data doesn't care about your degree. What matters is curiosity, persistence,
and the courage to build something imperfect and iterate.

The best ML practitioners are not the ones who know the most maths. They are the ones who
ask the best questions about their data, understand their business problem most clearly, and
keep iterating until the model is genuinely useful. You can be that person.
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