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foreword


  I’ve known Alexey for more than six years. We almost worked together at the same data science team in a tech company in Berlin: Alexey started a few months after I left. Despite that, we still managed to get to know each other through Kaggle, the data science competition platform, and a common friend. We participated on the same team in a Kaggle competition on natural language processing, an interesting project that required carefully using pretrained word embeddings and cleverly mixing them. At the same time, Alexey was writing a book, and he asked me to be a technical reviewer. The book was about Java and data science, and, while reading it, I was particularly impressed by how carefully Alexey planned and orchestrated interesting examples. This led soon to a new collaboration: we coauthored a project-based book about TensorFlow, working on different projects from reinforcement learning to recommender systems that aimed to be an inspiration and example for the readers.


  When working with Alexey, I noticed that he prefers to learn things by doing and by coding, like many others who transitioned to data science from software engineering.


  Therefore, I wasn’t very surprised when I heard that he had started another project-based book. Invited to provide feedback on Alexey’s work, I read the book from its early stages and found the reading fascinating. This book is a practical introduction to machine learning with a focus on hands-on experience. It’s written for people with the same background that Alexey has—for developers interested in data science and needing to quickly build up useful and reusable experience with data and data problems.


  As an author of more than a dozen books on data science and AI, I know there are already a lot of books and courses on this topic. However, this book is quite different. In Machine Learning Bookcamp, you won’t find the same déjà vu data problems that other books offer. It doesn’t have the same pedantic, repetitive flow of topics, like a route already traced on maps that always leads to places that you already know and have seen.


  Everything in the book revolves around practical and nearly real-world examples. You will learn how to predict the price of a car, determine whether or not a customer is going to churn, and assess the risk of not repaying a loan. After that, you will classify clothing photos into T-shirts, dresses, pants, and other categories. This project is especially curious and interesting because Alexey personally curated this dataset, and you can enrich it with the clothes from your own wardrobe.


  By reading this book, of course, you are expected to apply machine learning to solve common problems, and you will use the simplest and most efficient solutions to achieve the best results. The first chapters begin by examining basic algorithms such as linear regression and logistic regression. The reader then gradually moves to gradient boosting and neural networks. Nevertheless, the strong point of the book is that, while teaching machine learning through practice, it also prepares you for the real world. You will deal with unbalanced classes and long-tail distributions, and discover how to handle dirty data. You will evaluate your models and deploy them with AWS Lambda and Kubernetes. And these are just a few of the new techniques you learn by working through the pages.


  Thinking with the mind-set of an engineer, you can say that this book is arranged so that you’ll get the core 20% knowledge that covers 80% of being a great data scientist. More importantly, I’ll add that you’ll be also reading and practicing under Alexey’s guidance, which is distilled by his work and Kaggle experience. Given such premises, I wish you a great journey through the pages and the projects of this book. I am sure that it will help you find the best way to approach data science and its problems, tools, and solutions.


  —Luca Massaron


  
preface


  I started my career working as a Java developer. Around 2012–2013, I became interested in data science and machine learning. First, I watched online courses, and then I enrolled in a master’s program and spent two years studying different aspects of business intelligence and data science. Eventually, I graduated in 2015, and started working as a data scientist.


  At work, my colleague showed me Kaggle—a platform for data science competitions. I thought, “With all the skills I got from courses and my master’s degree, I’ll be able to win any competition easily.” But when I tried competing, I failed miserably. All the theoretical knowledge I had was useless on Kaggle. My models were awful, and I ended up on the bottom of the leaderboard.


  I spent the next nine months taking part in data science competitions. I didn’t do exceptionally well, but this was when I actually learned machine learning.


  I realized that for me, the best way to learn is to do projects. When I focus on the problem, when I implement something, when I experiment, then I really learn. But if I focus on courses and theory, I invest too much time in learning things that aren’t important and useful in practice.


  And I’m not alone. When telling this story, I’ve heard “Me, too!” many times. That’s why the focus of Machine Learning Bookcamp is on learning by doing projects. I believe that software engineers—people with the same background as me—learn best by doing.


  We start this book with a car-price prediction project and learn linear regression. Then, we determine if customers want to stop using the services of our company. For this, we learn logistic regression. To learn decision trees, we score the clients of a bank to determine if they can pay back a loan. Finally, we use deep learning to classify pictures of clothes into different classes like T-shirts, pants, shoes, outerwear, and so on.


  Each project in the book starts with the problem description. We then solve this problem using different tools and frameworks. By focusing on the problem, we cover only the parts that are important for solving this problem. There is theory as well, but I keep it to a minimum and focus on the practical part.


  Sometimes, however, I had to include formulas in some chapters. It’s not possible to avoid formulas in a book about machine learning. I know that formulas are terrifying for some of us. I’ve been there, too. That’s why I explain all the formulas with code as well. When you see a formula, don’t let it scare you. Try to understand the code first and then get back to the formula to see how the code translates to the formula. Then the formula won’t be intimidating anymore!


  You won’t find all possible topics in this book. I focused on the most fundamental things—things you will use with 100% certainty when you start working with machine learning. There are other important topics that I didn’t cover: time series analysis, clustering, natural language processing. After reading this book, you will have enough background knowledge to learn these topics yourself.


  Three chapters in this book focus on model deployment. These are very important chapters—maybe the most important ones. Being able to deploy a model makes the difference between a successful project and a failed one. Even the best model is useless if others can’t use it. That’s why it’s worth investing your time in learning how to make it accessible for others. And that’s the reason I cover it quite early in the book, right after we learn about logistic regression.


  The last chapter is about deploying models with Kubernetes. It’s not a simple chapter, but nowadays Kubernetes is the most commonly used container management system. It’s likely that you’ll need to work with it, and that’s why it’s included in the book.


  Finally, each chapter of the book includes exercises. It might be tempting to skip them, but I don’t recommend doing so. If you only follow the book, you will learn many new things. But if you don’t apply this knowledge in practice, you will forget most of it quite soon. The exercises help you apply these new skills in practice—and you’ll remember what you learned much better.


  Enjoy your journey through the book, and feel free to get in touch with me at any time!


  —Alexey Grigorev
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about this book


  
Who should read this book


  This book is written for people who can program and can grasp the basics of Python quickly. You don’t need to have any prior experience with machine learning.


  The ideal reader is a software engineer who would like to start working with machine learning. However, a motivated college student who needs to code for studies and side projects will succeed as well.


  Additionally, people who already work with machine learning but want to learn more will also find the book useful. Many people who already work as data scientists and data analysts said that it was helpful for them, especially the chapters about deployment.


  
How this book is organized: a roadmap


  This book contains nine chapters, and we work on four different projects throughout the book.


  
    	
      In chapter 1, we introduce the topic—we discuss the difference between traditional software engineering and machine learning. We cover the process of organizing machine learning projects, from the initial step of understanding the business requirements to the last step of deploying the model. We cover the modeling step in the process in more detail and talk about how we should evaluate our models and select the best one. To illustrate the concepts in this chapter, we use the spam-detection problem.

    


    	
      In chapter 2, we start with our first project—we predict the price of a car. We learn how to use linear regression for that. We first prepare a dataset and do a bit of data cleaning. Next, we perform exploratory data analysis to understand the data better. Then we implement a linear regression model ourselves with NumPy to understand how machine learning models work under the hood. Finally, we discuss topics like regularization and evaluating the quality of the model.

    


    	
      In chapter 3, we tackle the churn-detection problem. We work in a telecom company and want to determine which customer might stop using our services soon. It’s a classification problem that we solve with logistic regression. We start by performing feature importance analysis to understand which factors are the most important ones for this problem. Then we discuss one-hot encoding as a way to handle categorical variables (factors like gender, type of contract, and so on). Finally, we train a logistic regression model with Scikit-learn to understand which customers are going to churn soon.

    


    	
      In chapter 4, we take the model we developed in chapter 3 and evaluate its performance. We cover the most important classification evaluation metrics: accuracy, precision, and recall. We discuss the confusion table and then go into the details of ROC analysis and calculate AUC. We wrap up this chapter with discussing K-fold cross-validation.

    


    	
      In chapter 5, we take the churn-prediction model and deploy it as a web service. This is an important step in the process, because if we don’t make our model available, it’s not useful for anyone. We start with Flask, a Python framework for creating web services. Then we cover Pipenv and Docker for dependency management and finish with deploying our service on AWS.

    


    	
      In chapter 6, we start a project on risk scoring. We want to understand if a customer of a bank will have problems paying back a loan. For that, we learn how decision trees work and train a simple model with Scikit-learn. Then we move to more complex tree-based models like random forest and gradient boosting.

    


    	
      In chapter 7, we build an image classification project. We will train a model for classifying images of clothes into 10 categories like T-shirts, dresses, pants, and so on. We use TensorFlow and Keras for training our model, and we cover things like transfer learning for being able to train a model with a relatively small dataset.

    


    	
      In chapter 8, we take the clothes classification model we trained in chapter 7 and deploy it with TensorFlow Lite and AWS Lambda.

    


    	
      In chapter 9, we deploy the clothes classification model, but we use Kubernetes and TensorFlow Serving in the first part, and Kubeflow and Kubeflow Serving in the second.

    

  


  To help you get started with the book as well as Python and libraries around it, we prepared five appendix chapters:


  
    	
      Appendix A explains how to set up the environment for the book. We show how to install Python with Anaconda, how to run Jupyter Notebook, how to install Docker, and how to create an AWS account

    


    	
      Appendix B covers the basics of Python.

    


    	
      Appendix C covers the basics of NumPy and gives a short introduction to the most important linear algebra concepts that we need for machine learning: matrix multiplication and matrix inversion.

    


    	
      Appendix D covers Pandas.

    


    	
      Appendix E explains how to get a Jupyter Notebook with a GPU on AWS SageMaker.

    

  


  These appendices are optional, but they are helpful, especially if you haven’t used Python or AWS before.


  You don’t have to read the book from cover to cover. To help you navigate, you can use this map:


  [image: ]


  Chapters 2 and 3 are the most important ones. All the other chapters depend on them. After reading them, you jump to chapter 5 to deploy the model, chapter 6 to learn about tree-based models, or chapter 7 to learn about image classifications. Chapter 4, about evaluation metrics, depends on chapter 3: we evaluate the quality of the churn-prediction model from chapter 3. In chapters 8 and 9, we deploy the image classification model, so it’s helpful to read chapter 7 before moving on to chapter 8 or 9.


  Each chapter contains exercises. It’s important to do these exercises—they will help you remember the material a lot better.


  
About the code


  This book contains many examples of source code, both in numbered listings and in line with normal text. In both cases, source code is formatted in a fixed-width font like this to separate it from ordinary text. Sometimes code is also in bold to highlight code that has changed from previous steps in the chapter, such as when a new feature adds to an existing line of code.


  In many cases, the original source code has been reformatted; we’ve added line breaks and reworked indentation to accommodate the available page space in the book. In rare cases, even this was not enough, and listings include line-continuation markers (➥). Additionally, comments in the source code have often been removed from the listings when the code is described in the text. Code annotations accompany many of the listings, highlighting important concepts.


  The code for this book is available on GitHub at https://github.com/alexeygrigorev/mlbookcamp-code. This repository also contains a lot of useful links that will be helpful for you in your machine learning journey.


  
liveBook discussion forum


  Purchase of Machine Learning Bookcamp includes free access to a private web forum run by Manning Publications where you can make comments about the book, ask technical questions, and receive help from the author and from other users. To access the forum, go to https://livebook.manning.com/book/machine-learning-bookcamp/welcome/v-11. You can also learn more about Manning's forums and the rules of conduct at https://livebook.manning.com/#!/discussion.


  Manning’s commitment to our readers is to provide a venue where a meaningful dialogue between individual readers and between readers and the author can take place. It is not a commitment to any specific amount of participation on the part of the author, whose contribution to the forum remains voluntary (and unpaid). We suggest you try asking the author some challenging questions lest his interest stray! The forum and the archives of previous discussions will be accessible from the publisher’s website as long as the book is in print.


  
Other online resources


  
    	
      The book’s website: https://mlbookcamp.com/. It contains useful articles and courses based on the book.

    


    	
      Community of data enthusiasts: https://datatalks.club. You can ask any question about data or machine learning there.

    


    	
      There’s also a channel for discussing book-related questions: #ml-bookcamp.

    

  


  
about the author


  Alexey Grigorev lives in Berlin with his wife and son. He’s an experienced software engineer who focuses on machine learning. He works at OLX Group as a principal data scientist, where he helps his colleagues bring machine learning to production.


  After work, Alexey runs DataTalks.Club, a community of people who like data science and machine learning. He’s the author of two other books: Mastering Java for Data Science and TensorFlow Deep Learning Projects.


  
about the cover illustration


  The figure on the cover of Machine Learning Bookcamp is captioned “Femme de Brabant,” or a woman from Brabant. The illustration is taken from a collection of dress costumes from various countries by Jacques Grasset de Saint-Sauveur (1757–1810), titled Costumes de Différents Pays, published in France in 1797. Each illustration is finely drawn and colored by hand. The rich variety of Grasset de Saint-Sauveur’s collection reminds us vividly of how culturally apart the world’s towns and regions were just 200 years ago. Isolated from each other, people spoke different dialects and languages. In the streets or in the countryside, it was easy to identify where they lived and what their trade or station in life was just by their dress.


  The way we dress has changed since then and the diversity by region, so rich at the time, has faded away. It is now hard to tell apart the inhabitants of different continents, let alone different towns, regions, or countries. Perhaps we have traded cultural diversity for a more varied personal life—certainly for a more varied and fast-paced technological life.


  At a time when it is hard to tell one computer book from another, Manning celebrates the inventiveness and initiative of the computer business with book covers based on the rich diversity of regional life of two centuries ago, brought back to life by Grasset de Saint-Sauveur’s pictures.


  
1 Introduction to machine learning


  This chapter covers


  
    	
Understanding machine learning and the problems it can solve


    	
Organizing a successful machine learning project


    	
Training and selecting machine learning models


    	
Performing model validation

  


  In this chapter, we introduce machine learning and describe the cases in which it’s most helpful. We show how machine learning projects are different from traditional software engineering (rule-based solutions) and illustrate the differences by using a spam-detection system as an example.


  To use machine learning to solve real-life problems, we need a way to organize machine learning projects. In this chapter, we talk about CRISP-DM: a step-by-step methodology for implementing successful machine learning projects.


  Finally, we take a closer look at one of the steps of CRISP-DM—the modeling step. In this step, we train different models and select the one that solves our problem best.


  
1.1 Machine learning


  Machine learning is part of applied mathematics and computer science. It uses tools from mathematical disciplines such as probability, statistics, and optimization theory to extract patterns from data.


  The main idea behind machine learning is learning from examples: we prepare a dataset with examples, and a machine learning system “learns” from this dataset. In other words, we give the system the input and the desired output, and the system tries to figure out how to do the conversion automatically, without asking a human.


  We can collect a dataset with descriptions of cars and their prices, for example. Then we provide a machine learning model with this dataset and “teach” it by showing it cars and their prices. This process is called training or sometimes fitting (figure 1.1).


  [image: ]


  Figure 1.1 A machine learning algorithm takes in input data (descriptions of cars) and desired output (the cars’ prices). Based on that data, it produces a model.


  When training is done, we can use the model by asking it to predict car prices that we don’t know yet (figure 1.2).


  [image: ]


  Figure 1.2 When training is done, we have a model that can be applied to new input data (cars without prices) to produce the output (predictions of prices).


  All we need for machine learning is a dataset in which for each input item (a car) we have the desired output (the price).


  This process is quite different from traditional software engineering. Without machine learning, analysts and developers look at the data they have and try to find patterns manually. After that, they come up with some logic: a set of rules for converting the input data to the desired output. Then they explicitly encode these rules using a programming language such as Java or Python, and the result is called software. So, in contrast with machine learning, a human does all the difficult work (figure 1.3).
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  Figure 1.3 In traditional software, patterns are discovered manually and then encoded with a programming language. A human does all the work.


  In summary, the difference between a traditional software system and a system based on machine learning is shown in figure 1.4. In machine learning, we give the system the input and output data, and the result is a model (code) that can transform the input into the output. The difficult work is done by the machine; we need only supervise the training process to make sure that the model is good (figure 1.4B). In contrast, in traditional systems, we first find the patterns in the data ourselves and then write code that converts the data to the desired outcome, using the manually discovered patterns (figure 1.4A).
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        (A) In traditional software we discover patterns manually and encode them using a programming language.
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        (B) A machine learning system discovers patterns automatically by learning from examples. After training, it produces a model that “knows” these patterns, but we still need to supervise it to make sure the model is correct.

      
    

  


  Figure 1.4 The difference between a traditional software system and a machine learning system. In traditional software engineering, we do all the work, whereas in machine learning, we delegate pattern discovery to a machine.


  
1.1.1 Machine learning vs. rule-based systems


  To illustrate the difference between these two approaches and to show why machine learning is helpful, let’s consider a concrete case. In this section, we talk about a spam-detection system to show this difference.


  Suppose we are running an email service, and the users start complaining about unsolicited emails with advertisements. To solve this problem, we want to create a system that marks the unwanted messages as spam and forwards them to the spam folder.


  The obvious way to solve the problem is to look at these emails ourselves to see whether they have any pattern. For example, we can check the sender and the content.


  If we find that there’s indeed a pattern in the spam messages, we write down the discovered patterns and come up with following two simple rules to catch these messages:


  
    	
      If sender = promotions@online.com, then “spam”

    


    	
      If title contains “buy now 50% off” and sender domain is “online.com,” then “spam”

    


    	
      Otherwise, “good email”

    

  


  We write these rules in Python and create a spam-detection service, which we successfully deploy. At the beginning, the system works well and catches all the spam, but after a while, new spam messages start to slip through. The rules we have are no longer successful at marking these messages as spam.


  To solve the problem, we analyze the content of the new messages and find that most of them contain the word deposit. So we add a new rule:


  
    	
      If sender = “promotions@online.com” then “spam”

    


    	
      If title contains “buy now 50% off” and sender domain is “online.com,” then “spam”

    


    	
      If body contains a word “deposit,” then “spam”

    


    	
      Otherwise, “good email”

    

  


  After discovering this rule, we deploy the fix to our Python service and start catching more spam, making the users of our mail system happy.


  Some time later, however, users start complaining again: some people use the word deposit with good intentions, but our system fails to recognize that fact and marks the messages as spam. To solve the problem, we look at the good messages and try to understand how they are different from spam messages. After a while, we discover a few patterns and modify the rules again:


  
    	
      If sender = “promotions@online.com,” then “spam”

    


    	
      If title contains “buy now 50% off” and sender domain is “online.com,” then “spam”

    


    	
      If body contains “deposit,” then


      
        	
          If the sender's domain is “test.com,” then spam

        


        	
          If description length is >= 100 words, then spam

        

      

    


    	
      Otherwise, “good email”

    

  


  In this example, we looked at the input data manually and analyzed it in an attempt to extract patterns from it. As a result of the analysis, we got a set of rules that transforms the input data (emails) to one of the two possible outcomes: spam or not spam.


  Now imagine that we repeat this process a few hundred times. As a result, we end up with code that is quite difficult to maintain and understand. At some point, it becomes impossible to include new patterns in the code without breaking the existing logic. So, in the long run, it’s quite difficult to maintain and adjust existing rules such that the spam-detection system still performs well and minimizes spam complaints.


  This is exactly the kind of situation in which machine learning can help. In machine learning, we typically don’t attempt to extract these patterns manually. Instead, we delegate this task to statistical methods, by giving the system a dataset with emails marked as spam or not spam and describing each object (email) with a set of its characteristics (features). Based on this information, the system tries to find patterns in the data with no human help. In the end, it learns how to combine the features in such a way that spam messages are marked as spam and good messages aren’t.


  With machine learning, the problem of maintaining a hand-crafted set of rules goes away. When a new pattern emerges—for example, there’s a new type of spam—we, instead of manually adjusting the existing set of rules, simply provide a machine learning algorithm with the new data. As a result, the algorithm picks up the new important patterns from the new data without damaging the old existing patterns—provided that these old patterns are still important and present in the new data.


  Let’s see how we can use machine learning to solve the spam-classification problem. For that, we first need to represent each email with a set of features. At the beginning we may choose to start with the following features:


  
    	
      Length of title > 10? true/false

    


    	
      Length of body > 10? true/false

    


    	
      Sender “promotions@online.com”? true/false

    


    	
      Sender “hpYOSKmL@test.com”? true/false

    


    	
      Sender domain “test.com”? true/false

    


    	
      Description contains “deposit”? true/false

    

  


  In this particular case, we describe all emails with a set of six features. Coincidentally, these features are derived from the preceding rules.


  With this set of features, we can encode any email as a feature vector: a sequence of numbers that contains all the feature values for a particular email.
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  Figure 1.5 An email that a user marked as spam


  Now imagine that we have an email that users marked as spam (figure 1.5). We can express this email as a vector [1, 1, 0, 0, 1, 1], and for each of the six features, we encode the value as 1 for true or 0 for false (figure 1.6). Because our users marked the message as spam, the target variable is 1 (true).
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  Figure 1.6 The six-dimensional feature vector for a spam email. Each of the six features is represented by a number. In this case, we use 1 if the feature is true and 0 if the feature is false.


  This way, we can create feature vectors for all the emails in our database and attach a label to each one. These vectors will be the input to a model. Then the model takes all these numbers and combines the features in such a way that the prediction for spam messages is close to 1 (spam) and is 0 (not spam) for normal messages (figure 1.7).
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  Figure 1.7 The input to a machine learning algorithm consists of multiple feature vectors and the target variable for each vector.


  As a result, we have a tool that is more flexible than a set of hardcoded rules. If something changes in the future, we don’t have to revisit all the rules manually and try to reorganize them. Instead, we use only the most recent data and replace the old model with the fresh one.


  This example is just one way that machine learning can make our lives easier. Other applications of machine learning include


  
    	
      Suggesting the price of a car.

    


    	
      Predicting whether a customer will stop using the services of a company.

    


    	
      Ordering documents by relevance with respect to a query.

    


    	
      Showing users the ads they are more likely to click instead of irrelevant content.

    


    	
      Classifying harmful and incorrect edits on Wikipedia. A system like this one can help Wikipedia’s moderators prioritize their efforts when validating the suggested edits.

    


    	
      Recommending items that customers may buy.

    


    	
      Classifying images in different categories.

    

  


  Applications of machine learning aren’t limited to these examples, of course. We can use literally anything that we can express as (input data, desired output) to train a machine learning model.


  
1.1.2 When machine learning isn’t helpful


  Although machine learning is helpful and can solve many problems, it’s not really needed in some cases.


  For some simple tasks, rules and heuristics often work well, so it’s better to start with them and then consider using machine learning. In our spam example, we started by creating a set of rules, but after maintaining this set became difficult, we switched to machine learning. We used some of the rules as features, however, and simply fed them to a model.


  In some cases, it’s simply not possible to use machine learning. To use machine learning, we need to have data. If no data is available, machine learning is not possible.


  
1.1.3 Supervised machine learning


  The email-classification problem we just looked at is an example of supervised learning: we provide the model with features and the target variable, and it figures out how to use these features to arrive at the target. This type of learning is called supervised because we supervise or teach the model by showing it examples, exactly as we would teach children by showing them pictures of different objects and then telling them the names of those objects.


  A bit more formally, we can express a supervised machine learning model mathematically as
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  where


  
    	
      g is the function that we want to learn with machine learning.

    


    	
      X is the feature matrix in which rows are feature vectors.

    


    	
      y is the target variable: a vector.

    

  


  The goal of machine learning is to learn this function g in such a way that when it gets the matrix X, the output is close to the vector y. In other words, the function g must be able to take in X and produce y. The process of learning g is usually called training or fitting. We “fit” g to dataset X in such a way that it produces y (figure 1.8).
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  Figure 1.8 When we train a model, an algorithm takes in a matrix X in which feature vectors are rows and the desired output is the vector y, with all the values we want to predict. The result of training is g, the model. After training, g should produce y when applied to X—or, in short, g(X) ≈ y.


  There are different types of supervised learning problems, and the type depends on the target variable y. The main types are


  
    	
      Regression: the target variable y is numeric, such as a car price or the temperature tomorrow. We cover regression models in chapter 2.

    


    	
      Classification: the target variable y is categorical, such as spam, not spam, or car make. We can further split classification into two subcategories: (1) binary classification, which has only two possible outcomes, such as spam or not spam, and (2) multiclass classification, which has more than two possible outcomes, such as a car make (Toyota, Ford, Volkswagen, and so on). Classification, especially binary classification, is the most common application of machine learning. We cover it in multiple chapters throughout the book, starting with chapter 3. In that chapter, we’ll build a model for predicting whether a customer is going to churn—stop using the services of our company.

    


    	
      Ranking: the target variable y is an ordering of elements within a group, such as the order of pages in a search-result page. The problem of ranking often happens in areas like search and recommendations, but it’s out of the scope of this book and we won’t cover it in detail.

    

  


  Each supervised learning problem can be solved with different algorithms. Many types of models are available. These models define how exactly function g learns to predict y from X. These models include


  
    	
      Linear regression for solving the regression problem, covered in chapter 2

    


    	
      Logistic regression for solving the classification problem, covered in chapter 3

    


    	
      Tree-based models for solving both regression and classification, covered in chapter 6

    


    	
      Neural networks for solving both regression and classification, covered in chapter 7

    

  


  Deep learning and neural networks have received a lot of attention recently, mostly because of breakthroughs in computer vision methods. These networks solve tasks such as image classification a lot better than earlier methods did. Deep learning is a subfield of machine learning in which the function g is a neural network with many layers. We will learn more about neural networks and deep learning starting in chapter 7, where we train a deep learning model for image classification.


  
1.2 Machine learning process


  Creating a machine learning system involves more than just selecting a model, training it, and applying it to new data. The model-training part of the process is only a small step in the process.


  Many other steps are involved, such as identifying the problem that machine learning can solve and using the predictions of the model to affect the end users. What is more, this process is iterative. When we train a model and apply it to a new dataset, we often identify cases in which the model doesn’t perform well. We use these cases to retrain the model in such a way that the new version handles such situations better.


  Certain techniques and frameworks help us organize a machine learning project in such a way that it doesn’t get out of control. One such framework is CRISP-DM, which stands for Cross-Industry Standard Process for Data Mining. It was invented quite long ago, in 1996, but in spite of its age, it’s still applicable to today’s problems.


  According to CRISP-DM (figure 1.9), the machine learning process has six steps:


  
    	
      Business understanding

    


    	
      Data understanding

    


    	
      Data preparation

    


    	
      Modeling

    


    	
      Evaluation

    


    	
      Deployment
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  Figure 1.9 The CRISP-DM process. A machine learning project starts with understanding the problem and then moves into data preparation, training the model, and evaluating the results. Finally, the model goes to deployment. This process is iterative, and at each step, it’s possible to go back to the previous one.


  Each phase covers typical tasks:


  
    	
      In the business understanding step, we try to identify the problem, to understand how we can solve it, and to decide whether machine learning will be a useful tool for solving it.

    


    	
      In the data understanding step, we analyze available datasets and decide whether we need to collect more data.

    


    	
      In the data preparation step, we transform the data into a tabular form that we can use as input for a machine learning model.

    


    	
      When the data is prepared, we move to the modeling step, in which we train a model.

    


    	
      After the best model is identified, there’s the evaluation step, where we evaluate the model to see if it solves the original business problem and measure its success at doing that.

    


    	
      Finally, in the deployment step, we deploy the model to the production environment.

    

  


  
1.2.1 Business understanding


  Let’s consider the spam-detection example for an email service provider. We see more spam messages than ever before, and our current system cannot deal with it easily. This problem is addressed in the business understanding step: we analyze the problem and the existing solution and try to determine if adding machine learning to that system will help us stop spam messages. We also define the goal and how to measure it. The goal could be “Reduce the amount of reported spam messages” or “Reduce the amount of complaints about spam that customer support receives per day,” for example. In this step, we may also decide that machine learning is not going to help and propose a simpler way to solve the problem.


  
1.2.2 Data understanding


  The next step is data understanding. Here, we try to identify the data sources we can use to solve the problem. If our site has a Report Spam button, for example, we can get data generated by users who marked their incoming emails as spam. Then we look at the data and analyze it to decide whether it’s good enough to solve our problem.


  This data may not be good enough, however, for a wide range of reasons. One reason could be that the dataset is too small for us to learn any useful patterns. Another reason could be that the data is too noisy. The users may not use the button correctly, so it will be useless for training a machine learning model, or the data-collection process could be broken, gathering only a small fraction of the data we want.


  If we conclude that the data we currently have is not sufficient, we need to find a way to get better data, whether we acquire it from external sources or improve the way we collect it internally. It’s also possible that discoveries we make in this step will influence the goal we set in the business understanding step, so we may need to go back to that step and adjust the goal according to our findings.


  When we have reliable data sources, we go to the data preparation step.


  
1.2.3 Data preparation


  In this step, we clean the data, transforming it in such a way that it can be used as input for a machine learning model. For the spam example, we transform the dataset into a set of features that we feed into a model later.


  After the data is prepared, we go to the modeling step.


  
1.2.4 Modeling


  In this step, we decide which machine learning model to use and how to make sure that we get the best out of it. For example, we may decide to try logistic regression and a deep neural network to solve the spam problem.


  We need to know how we will measure the performance of the models to select the best one. For the spam model, we can look at how well the model predicts spam messages and choose the one that does it best. For this purpose, setting a proper validation framework is important, which is why we cover it in more detail in the next section.


  It’s very likely that in this step, we need to go back and adjust the way we prepare the data. Perhaps we came up with a great feature, so we go back to the data preparation step to write some code to compute that feature. When the code is done, we train the model again to check whether this feature is good. We might add a feature “length of the subject,” retrain the model, and check whether this change improves the model's performance, for example.


  After we select the best possible model, we go to the evaluation step.


  
1.2.5 Evaluation


  In this step, we check whether the model lives up to expectations. When we set the goal in the business understanding step, we also define the way of establishing whether the goal is achieved. Typically, we do this by looking at an important business metric and making sure that the model moves the metric in the right direction. In the case of spam detection, the metric could be the number of people who click the Report Spam button or the number of complaints about the issue we’re solving that customer support receives. In both cases, we hope that using the model reduces the number.


  Nowadays, this step is tightly connected to the next step: deployment.


  
1.2.6 Deployment


  The best way to evaluate a model is to battle-test it: roll it out to a fraction of users and then check whether our business metric changes for these users. If we want our model to reduce the number of reported spam messages, for example, we expect to see fewer reports from this group compared with the rest of the users.


  After the model is deployed, we use everything we learned in all the steps and go back to the first step to reflect on what we achieved (or didn’t achieve). We may realize that our initial goal was wrong and that what we actually want to do is not reduce the number of reports but increase customer engagement by decreasing the amount of spam. So we go all the way back to the business understanding step to redefine our goal. Then, when we evaluate the model again, we use a different business metric to measure its success.


  
1.2.7 Iterate


  As we can see, CRISP-DM emphasizes the iterative nature of machine learning processes: after the last step, we are always expected to go back to the first step, refine the original problem, and change it based on the learned information. We never stop at the last step; instead, we rethink the problem and see what we can do better in the next iteration.


  It’s a common misconception that machine learning engineers and data scientists spend their entire day training machine learning models. In reality, this idea is incorrect, as we can see in the CRISP-DM diagram (figure 1.9). A lot of steps come before and after the modeling step, and all these steps are important for a successful machine learning project.


  
1.3 Modeling and model validation


  As we saw previously, training models (the modeling step) is only one step in the whole process. But it’s an important step because it’s where we actually use machine learning to train models.


  After we collect all the required data and determine that it’s good, we find a way to process the data and then proceed to training a machine learning model. In our spam example, this happens after we get all the spam reports, process the emails, and have a matrix ready to be put to a model.


  At this point, we may ask ourselves what to use: logistic regression or a neural network. If we decide to go with a neural network because we’ve heard it’s the best model, how can we make sure that it’s indeed better than any other model?


  The goal at this step is to produce a model in such a way that it achieves the best predictive performance. To do this, we need to have a way to reliably measure the performance of each possible model candidate and then choose the best one.


  One possible approach is to train a model, let it run on a live system, and observe what happens. In the spam example, we decide to use a neural network for detecting spam, so we train it and deploy it to our production system. Then we observe how the model behaves on new messages and record the cases in which the system is incorrect.


  This approach, however, is not ideal for our case: we cannot possibly do it for every model candidate we have. What’s worse, we can accidentally deploy a really bad model and see that it’s bad only after it has been run on live users of our system.


  Note Testing a model on a live system is called online testing, and it’s important for evaluating the quality of a model on real data. This approach, however, belongs to the evaluation and deployment steps of the process, not to the modeling step.


  A better approach for selecting the best model before deploying it is emulating the scenario of going live. We get our complete dataset, take a part out of it, and train the model on the remaining part of the data. When the training is done, we pretend that the held-out dataset is the new, unseen data, and we use it to measure the performance of our models. This part of data is often called the validation set, and the process of keeping part of a dataset away and using it to evaluate performance is called validation (see figure 1.10).
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  Figure 1.10 To evaluate the performance of a model, we set some data aside and use it only for validation purposes.


  In the spam dataset, we can take out every tenth message. This way, we hold out 10% of the data, which we use only for validating the models, and use the remaining 90% for training. Next, we train both logistic regression and a neural network on the training data. When the models are trained, we apply them to the validation dataset and check which one is more accurate at predicting spam.


  If, after applying the models to validation, we see that logistic regression is correct in predicting the spam in only 90% of cases, whereas a neural network is correct in 93% of cases, we conclude that the neural network model is a better choice than logistic regression (figure 1.11).
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  Figure 1.11 The validation process. We split the dataset into two parts, train the models on the training part, and evaluate the performance on the validation part. Using the evaluation results, we can choose the best model.


  Often, we don’t have just two models to try but a lot more. Logistic regression, for example, has a parameter, C, and depending on the value we set, the results can vary dramatically. Likewise, a neural network has many parameters, and each may have a great effect on the predictive performance of the final model. On top of that, we have other models, each with its own set of parameters. How do we select the best model with the best parameters?


  To do so, we use the same evaluation scheme. We train the models with different parameters on the training data, apply them to the validation data, and then select the model and its parameters based on the best validation results (figure 1.12).
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  Figure 1.12 Using the validation dataset to select the best model with the best parameters


  This approach has a subtle problem, however. If we repeat the process of model evaluation over and over again and use the same validation dataset for that purpose, the good numbers we observe in the validation dataset may appear just by chance. In other words, the “best” model may simply get lucky in predicting the outcomes for this particular dataset.


  Note In statistics and other fields, this problem is known as the multiple-comparisons problem or multiple-tests problem. The more times we make predictions on the same dataset, the more likely we are to see good performance by chance.


  To guard against this problem, we use the same idea: we hold out part of the data again. We call this part of data the test dataset. We use it rarely, only for testing the model that we selected as the best (figure 1.13).
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  Figure 1.13 Splitting the data into training, testing, and validation parts


  To apply this to the spam example, we first hold out 10% of the data as the test dataset and then hold out 10% of the data as the validation. We try multiple models on the validation dataset, select the best one, and apply it to the test dataset. If we see that the difference in performance between validation and test is not big, we confirm that this model is indeed the best one (figure 1.14).
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  Figure 1.14 We use the test dataset to confirm that the performance of the best model on the validation set is good.


  Important Setting the validation process is the most important step in machine learning. Without it, there’s no reliable way to know whether the model we’ve just trained is good, useless, or even harmful.


  The process of selecting the best model and the best parameters for the model is called model selection. We can summarize model selection as follows (figure 1.15):


  
    	
      We split the data into training, validation, and testing parts.

    


    	
      We train each model first on the training part and then evaluate it on validation.

    


    	
      Each time we train a different model, we record the evaluation results using the validation part.

    


    	
      At the end, we determine which model is the best and test it on the test dataset.
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  Figure 1.15 The model selection process. First, we split the dataset, select a model, and train it only on the training part of the data. Then we evaluate the model on the validation part. We repeat the process many times until we find the best model.


  It’s important to use the model selection process and to validate and test the models in offline settings first to make sure that the models we train are good. If the model behaves well offline, we can decide to move to the next step and deploy the model to evaluate its performance with real users.


  
Summary


  
    	
      Unlike traditional rule-based software engineering systems, in which rules are extracted and coded manually, machine learning systems can be taught to extract meaningful patterns from data automatically. This gives us a lot more flexibility and makes it easier to adapt to changes.

    


    	
      Successfully implementing a machine learning project requires a structure and a set of guidelines. CRISP-DM is a framework for organizing a machine learning project that breaks down the process into six steps, from business understanding to deployment. The framework highlights the iterative nature of machine learning and helps us stay organized.

    


    	
      Modeling is an important step in a machine learning project: the part where we actually use machine learning to train a model. During this step, we create models that achieve the best predictive performance.

    


    	
      Model selection is the process of choosing the best model to solve a problem. We split all the available data into three parts: training, validation, and testing. We train models on the training set and select the best model by using the validation set. When the best model is selected, we use the test step as a final check to ensure that the best model behaves well. This process helps us create useful models that work well with no surprises.

    

  


  
 2 Machine learning for regression


  This chapter covers


  
    	
Creating a car-price prediction project with a linear regression model


    	
Doing an initial exploratory data analysis with Jupyter notebooks


    	
Setting up a validation framework


    	
Implementing the linear regression model from scratch


    	
Performing simple feature engineering for the model


    	
Keeping the model under control with regularization


    	
Using the model to predict car prices

  


  In chapter 1, we talked about supervised machine learning, in which we teach machine learning models how to identify patterns in data by giving them examples.


  Suppose that we have a dataset with descriptions of cars, like make, model, and age, and we would like to use machine learning to predict their prices. These characteristics of cars are called features, and the price is the target variable—something we want to predict. Then the model gets the features and combines them to output the price.


  This is an example of supervised learning: we have some information about the price of some cars, and we can use it to predict the price of others. In chapter 1, we also talked about different types of supervised learning: regression and classification. When the target variable is numerical, we have a regression problem, and when the target variable is categorical, we have a classification problem.


  In this chapter, we create a regression model, starting with the simplest one: linear regression. We implement the algorithms ourselves, which is simple enough to do in a few lines of code. At the same time, it’s very illustrative, and it will teach you how to deal with NumPy arrays and perform basic matrix operations such as matrix multiplication and matrix inversion. We also come across problems of numerical instability when inverting a matrix and see how regularization helps solve them.


  
2.1 Car-price prediction project


  The problem we solve in this chapter is predicting the price of a car. Suppose that we have a website where people can sell and buy used cars. When posting an ad on our website, sellers often struggle to come up with a meaningful price. We want to help our users with automatic price recommendations. We ask the sellers to specify the model, make, year, mileage, and other important characteristics of a car, and based on that information, we want to suggest the best price.


  One of the product managers in the company accidentally came across an open dataset with car prices and asked us to have a look at it. We checked the data and saw that it contained all the important features as well as the recommended price—exactly what we needed for our use case. Thus, we decided to use this dataset for building the price-recommendation algorithm.


  The plan for the project is the following:


  
    	
      First, we download the dataset.

    


    	
      Next, we do some preliminary analysis of the data.

    


    	
      After that, we set up a validation strategy to make sure our model produces correct predictions.

    


    	
      Then we implement a linear regression model in Python and NumPy.

    


    	
      Next, we cover feature engineering to extract important features from the data to improve the model.

    


    	
      Finally, we see how to make our model stable with regularization and use it to predict car prices.

    

  


  
2.1.1 Downloading the dataset


  The first thing we do for this project is install all the required libraries: Python, NumPy, Pandas, and Jupyter Notebook. The easiest way to do it is to use a Python distribution called Anaconda (https://www.anaconda.com). Please refer to appendix A for installation guidelines.


  After the libraries are installed, we need to download the dataset. We have multiple options for doing this. You can download it manually through the Kaggle web interface, available at https://www.kaggle.com/CooperUnion/cardataset. (You can read more about the dataset and the way it was collected at https://www.kaggle.com/jshih7/car-price-prediction.) Go there, open it, and click the download link. The other option is using the Kaggle command-line interface (CLI), which is a tool for programmatic access to all datasets available via Kaggle. For this chapter, we will use the second option. We describe how to configure the Kaggle CLI in appendix A.


  Note Kaggle is an online community for people who are interested in machine learning. It is mostly known for hosting machine learning competitions, but it is also a data-sharing platform where anyone can share a dataset. More than 16,000 datasets are available for anyone to use. It is a great source of project ideas and very useful for machine learning projects.


  In this chapter, as well as throughout the book, we will actively use NumPy. We cover all necessary NumPy operations as we go along, but please refer to appendix C for a more in-depth introduction.


  The source code for this project is available in the book’s repository in GitHub at https://github.com/alexeygrigorev/mlbookcamp-code in chapter-02-car-price.


  As the first step, we will create a folder for this project. We can give it any name, such as chapter-02-car-price:

  mkdir chapter-02-car-price
cd chapter-02-car-price


  Then we download the dataset:
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