
foreword 

preface 

acknowledgments 

about this book 

about the author 

1 What is machine learning? It is common sense, 
except done by a computer 

Do I need a heavy math and coding background 

to understand machine learning? 

OK, so what exactly is machine learning? 

How do we get machines to make decisions with data? 

The remember-formulate-predict framework 

2 Types of machine learning 

contents 

ix 

xi 

xiii 

xv 

xix 

1 

2 

3 

6 

15 

What is the difference between labeled and unlabeled data? 17 

Supervised learning: The branch of machine 

learning that works with labeled data 18 

Unsupervised learning: The branch of machine learning that works with 

unlabeled data 22 

What is reinforcement learning? 29 

iii 



contents 

3 Drawing a line cl,ose, to our' poi'nts.: Line,a1r r,egressi1on 35 

The pr,oblem: We need to predi1ct the price of a house 37 
The, solutilon: Building a 1regression model fo1r housing p1rices 38 
How to ,ge,t the computer to draw this line: The linea1r regression 

algorithm 44 
H!ow do we measure our re,sults? The error function 60 
Reall-Ute appllica1tion: Using Turi Create to prediict housing p,rice,s 

iin India 67 
What i:f the da:ta is not in a lin,e? Polynomial 1r,e,gression 69 
Parame,ters and hyperparamet,ers 71 
Ap,pllic:ations o,f regressi,on 72 

4 Optimizing the tiraining process: Underfitting, overfitting, 
testing, and regularization 77 

An example o,f unde,rfitting and overfitting using p,o,lynomial re,gression 79 
How do we get the comp,uter to piclk the right model?' By testing 81 
Wher'e did we, break the, golden rule, and how do we fix it? 

The valiidat;ion set 84 
A num,er'ical way to decide how ,complex our model .should be: 

The model complexity graph as 

Another alternative to av;01iding overfitti 1ng: Regul1a1rization 86 
Polynomial regression, testing, and regula1rization with Turi Create 915 

5, Usin,g Hnes t,o spUt our p10,ints: The 1perc.eptron algorithm 

The probllem: We are on an alien planet, and we, don't know 
their language! 

IHow do, we determine, whe,ther a clla1ssifier is, good or bad? 
The er1ro,r fun,c::tion 

How to fiind a good classifier'?' The perceptron algo1ri1thm 
Coding the p,erce1ptron alg,o,rithm 
Applicadons of the per:ceptron allgorithm 

103 
ii • � !$' 1k- � q., 

106, 

121 

1291 

137 

142 



contents v 

6 A continuous approach to splitting po,ints: Logistic classifiers 147 

Log1istic classifiers: A continuous version of perceptron classifiers 149 
How to find a good logistic classifier? The logistic regression algorithm 160 
Coding the logistic regression algorithm 166 
Real-life application: Classifying IMDB reviews with Turi Create 171 
Classifying into multiple classes: The softmax function: 173 

7 How do you measure classifkation models? Accuracy 
and its friends 177 

Accuracy: How often is my model correct? 178 
How to fix the accuracy problem? Defining different types of errors 

and how to measure them 179 

A useful tool to evalluate our model: The receiver operating characteristic 
(ROC) curve 189 

8 Using probability to its maximum: The naive Bayes model 205 

Sick or healthy? A story with Bayes' theorem as the hero 
Use case: Spam-detection model 
Building a spam-detection model with real data 

207 

212 
226 

9 Splitting data by asking questions: Decision trees 233 

The problem: We need to recommend apps to users according to 
what they are likely to download 240 

The solution: Building an app-recommendation system 241 

Beyond questions like yes/no 257 

The graphi,cal boundary of decision trees 261 

Rea'l-life application: Modeling student admissions with Scikit�Learn 264 
Decision trees for regression 268 
Applications 272 



vi contents 

10 Combining building blocks to gain more power: 
N1eural networks 277 

Neural networks w:ith a1n exampl!e: A more complicated alien planet 279 
Training neura1l networks 292 
Codi1ng neural networks in Keras 299 
Neural networks for reg.re,ssion 308 
Other ar,chitectuires for more complex datas,ets 309 

11 Finding boundaries with style: Support vector machines 
and the kernel method 315 

Using a n1ew error function to build better classifiers 318 
Coding s,upport vector machiines in Sdkit-Learn 324 
Train!ing SVMs with nonlin@ar boundaries: The kernel method 326 

12 Combining models to maximiz.e re.suits: Ensemble learning 351 

With a little help from our friends 352 
Bagging: Joining some weak learners randomly to builld a strong learner 354 
AdaBoost: Joiining' weak le,arners in a clever way to build a strong learner 360 
Gradient bo,osting: Using decision tree.s to build strong l,ear'ners 370 
XGBoost: An ,extreme way to do gradient boo,sting 375 
Appliications of ens,embl,e methods 384 

13 Putti!ng it all in practke,: A re,al-life example of data 
engiineering and machi.ne le,arnin ,g 387 

The Titanic dataset 388 
Cle,aning up our dataset: Missing values and how to deal with them 392 
Feature engineering: Transformiing the feature•s in our data1set before 

traini,ng the models 395 
Tra iining our models 400 
Tuning the hyperparameters to find the best model: Grid search 405 
Using K-fold cross-vaHdation to reuse our data as training and vailidation 408, 

j 



contents 

Solutions to the exercises 

The math behind gradient descent: Coming down a mountain 

using derivatives and slopes 

References 

index 

vii 

411 

449 

471 

481 




