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Preface


  While working on my PhD, I made heavy use of statistical modeling to better understand the processes I was studying. R was my language of choice, and that of my peers in life science academia. Given R’s primary purpose as a language for statistical computing, it is unparalleled when it comes to building linear models.


  As my project progressed, the types of data problems I was working on changed. The volume of data increased, and the goal of each experiment became more complex and varied. I was now working with many more variables, and problems such as how to visualize the patterns in data became more difficult. I found myself more frequently interested in making predictions on new data, rather than, or in addition to, just understanding the underlying biology itself. Sometimes, the complex relationships in the data were difficult to represent manually with traditional modeling methods. At other times, I simply wanted to know how many distinct groups existed in the data.


  I found myself more and more turning to machine learning techniques to help me achieve my goals. For each new problem, I searched my existing mental toolbox of statistical and machine learning skills. If I came up short, I did some research: find out how others had solved similar problems, try different methods, and see which gave the best solution. Once my appetite was whetted for a new set of techniques, I read a textbook on the topic. I usually found myself frustrated that the books I was reading tended to be aimed towards people with degrees in statistics.


  As I built my skills and knowledge slowly (and painfully), an additional source of frustration came from the way in which machine learning techniques in R are spread disparately between a plethora of different packages. These packages are written by different authors who all use different syntax and arguments. This meant an additional challenge when learning a new technique. At this point I became very jealous of the scikit-learn package from the Python language (which I had not learned), which provides a common interface for a large number of machine learning techniques.


  But then I discovered R packages like caret and mlr, which suddenly made my learning experience much easier. Like scikit-learn, they provide a common interface for a large number of machine learning techniques. This took away the cognitive load of needing to learn the R functions for another package each time I wanted to try something new, and made my machine learning projects much simpler and faster. As a result of using (mostly) the mlr package, I found that the handling of data actually became the most time consuming and complicated part of my work. After doing some more research, I discovered the tidyverse set of packages in R, whose purpose is to make the handling, transformation, and visualization of data simple, streamlined, and reproducible. Since then, I’ve used tools from the tidyverse in all of my projects.


  I wanted to write this book because machine learning knowledge is in high demand. There are lots of resources available to budding data scientists or anyone looking to train computers to solve problems. But I’ve struggled to find resources that simultaneously are approachable to newcomers, teach rigor and good practice, and use the mlr and tidyverse packages. My aim when writing this book has been to have as little code as possible do as much as possible. In this way, I hope to make your learning experience easier, and using the mlr and tidyverse packages has, I think, helped me do that.
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About this book


  
Who should read this book


  I firmly believe that machine learning should not be the domain only of computer scientists and people with degrees in mathematics. Machine learning with R, the tidyverse, and mlr doesn’t assume you come from either of these backgrounds. To get the most from the book, though, you should be reasonably familiar with the R language. It will help if you understand some basic statistical concepts, but all that you’ll need is included as a statistics refresher in the appendix, so head there first to fill in any gaps in your knowledge. Anyone with a problem to solve, and data that contains the answer to that problem, can benefit from the topics taught in this book.


  If you are a newcomer to R and want to learn or brush up on your basic R skills, I suggest you take a look at R in Action, by Robert I. Kabacoff (Manning, 2015).


  
How this book is organized: A roadmap


  This book has 5 parts, covering 20 chapters. The first part of the book is designed to get you up and running with some of the broad machine learning and R skills you’ll use throughout the rest of the book. The first chapter is designed to get your machine learning vocabulary up to speed. The second chapter will teach you a large number of tidyverse functions that will improve your general R data science skills.


  The second part of the book will introduce you to a range of algorithms used for classification (predicting discrete categories). From this part of the book onward, each chapter will start by teaching how a particular algorithm works, followed by a worked example of that algorithm. These explanations are graphical, with mathematics provided optionally for those who are interested. Throughout the chapters, you will find exercises to help you develop your skills.


  The third, fourth, and fifth parts of the book are dedicated to algorithms for regression (predicting continuous variables), dimension reduction (compressing information into fewer variables), and clustering (identifying groups within data), respectively. Finally, the last chapter of the book will recap the important, broad concepts we covered, and give you a roadmap of where you can go to further your learning.


  In addition, there is an appendix containing a refresher on some basic statistical concepts we’ll use throughout the book. I recommend you at least flick through the appendix to make sure you understand the material there, especially if you don’t come from a statistical background.


  
About the code


  As this book is written with the aim of getting you to code through the examples along with me, you’ll find R code throughout most of the chapters. You’ll find R 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.


  All of the source code is freely available at https://www.manning.com/books/machine-learning-with-r-the-tidyverse-and-mlr. The R code in this book was written with R 3.6.1, with mlr version 2.14.0, and tidyverse version 1.2.1.


  
liveBook discussion forum


  Purchase of Machine Learning with R, the tidyverse, and mlr 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-with-r-the-tidyverse-and-mlr. 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 some challenging questions lest their 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.


  
About the author


  Hefin I. Rhys is a life scientist and cytometrist with eight years of experience teaching R, statistics, and machine learning. He has contributed his statistical/machine learning knowledge to multiple academic studies. He has a passion for teaching statistics, machine learning, and data visualization.


  
About the cover illustration


  The figure on the cover of Machine Learning with R, the tidyverse, and mlr is captioned “Femme de Jerusalem,” or “Woman of Jerusalem.” The illustration is taken from a collection of dress costumes from various countries by Jacques Grasset de Saint-Sauveur (1757–1810), titled Costumes Civils Actuels de Tous les Peuples Connus, published in France in 1788. 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.


  


  Part 1. Introduction


  While this first part of the book includes only two chapters, it is essential to provide you with the basic knowledge and skills you’ll rely on throughout the book.


  Chapter 1 introduces you to some basic machine learning terminology. Having a good vocabulary for the core concepts can help you see the big picture of machine learning and aid in your understanding of the more complex topics we’ll explore later in the book. This chapter teaches you what machine learning is, how it can benefit (or harm) us, and how we can categorize different types of machine learning tasks. The chapter finishes by explaining why we’re using R for machine learning, what datasets you’ll be working with, and what you can expect to learn from the book.


  In chapter 2, we take a brief detour away from machine learning and focus on developing your R skills by covering a collection of packages known as the tidyverse. The packages of the tidyverse provide us with the tools to store, manipulate, transform, and visualize our data using more human-readable, intuitive code. You don’t need to use the tidyverse when working on machine learning projects, but doing so helps you simplify your data-wrangling processes. We’ll use tidyverse tools in the projects throughout the book, so a solid grounding in them in chapter 2 can help you in the rest of the chapters. I’m sure you’ll find that these skills improve your general R programming and data science skills.


  Beginning with chapter 2, I encourage you to start coding along with me. To maximize your retention of knowledge, I strongly recommend that you run the code examples in your own R session and save your .R files so you can refer back to your code in the future. Make sure you understand how each line of code relates to its output.


  


  Chapter 1. Introduction to machine learning


  This chapter covers


  


  
    	What machine learning is


    	Supervised vs. unsupervised machine learning


    	Classification, regression, dimension reduction, and clustering


    	Why we’re using R


    	Which datasets we will use

  


  You interact with machine learning on a daily basis whether you recognize it or not. The advertisements you see online are of products you’re more likely to buy based on the things you’ve previously bought or looked at. Faces in the photos you upload to social media platforms are automatically identified and tagged. Your car’s GPS predicts which routes will be busiest at certain times of day and replots your route to minimize journey length. Your email client progressively learns which emails you want and which ones you consider spam, to make your inbox less cluttered; and your home personal assistant recognizes your voice and responds to your requests. From small improvements to our daily lives such as these, to big, society-changing ideas such as self-driving cars, robotic surgery, and automated scanning for other Earth-like planets, machine learning has become an increasingly important part of modern life.


  But here’s something I want you to understand right away: machine learning isn’t solely the domain of large tech companies or computer scientists. Anyone with basic programming skills can implement machine learning in their work. If you’re a scientist, machine learning can give you extraordinary insights into the phenomena you’re studying. If you’re a journalist, it can help you understand patterns in your data that can delineate your story. If you’re a businessperson, machine learning can help you target the right customers and predict which products will sell the best. If you’re someone with a question or problem, and you have sufficient data to answer it, machine learning can help you do just that. While you won’t be building intelligent cars or talking robots after reading this book (like Google and Deep Mind), you will have gained the skills to make powerful predictions and identify informative patterns in your data.


  I’m going to teach you the theory and practice of machine learning at a level that anyone with a basic knowledge of R can follow. Ever since high school, I’ve been terrible at mathematics, so I don’t expect you to be great at it either. Although the techniques you’re about to learn are based in math, I’m a firm believer that there are no hard concepts in machine learning. All of the processes we’ll explore together will be explained graphically and intuitively. Not only does this mean you’ll be able to apply and understand these processes, but you’ll also learn all this without having to wade through mathematical notation. If, however, you are mathematically minded, you’ll find equations presented through the book that are “nice to know,” rather than “need to know.”


  In this chapter, we’re going to define what I actually mean by machine learning. You’ll learn the difference between an algorithm and a model, and discover that machine learning techniques can be partitioned into types that help guide us when choosing the best one for a given task.


  
1.1. What is machine learning?


  Imagine you work as a researcher in a hospital. What if, when a new patient is checked in, you could calculate the risk of them dying? This would allow the clinicians to treat high-risk patients more aggressively and result in more lives being saved. But where would you start? What data would you use? How would you get this information from the data? The answer is to use machine learning.


  Machine learning, sometimes referred to as statistical learning, is a subfield of artificial intelligence (AI) whereby algorithms “learn” patterns in data to perform specific tasks. Although algorithms may sound complicated, they aren’t. In fact, the idea behind an algorithm is not complicated at all. An algorithm is simply a step-by-step process that we use to achieve something that has a beginning and an end. Chefs have a different word for algorithms—they call them “recipes.” At each stage in a recipe, you perform some kind of process, like beating an egg, and then you follow the next instruction in the recipe, such as mixing the ingredients.


  Have a look in figure 1.1 at an algorithm I made for making a cake. It starts at the top and progresses through the various operations needed to get the cake baked and served up. Sometimes there are decision points where the route we take depends on the current state of things, and sometimes we need to go back or iterate to a previous step of the algorithm. While it’s true that extremely complicated things can be achieved with algorithms, I want you to understand that they are simply sequential chains of simple operations.


  Figure 1.1. An algorithm for making and serving a cake. We start at the top and, after performing each operation, follow the next arrow. Diamonds are decision points, where the arrow we follow next depends on the state of our cake. Dotted arrows show routes that iterate back to previous operations. This algorithm takes ingredients as its input and outputs cake with either ice cream or custard!
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  So, having gathered data on your patients, you train a machine learning algorithm to learn patterns in the data associated with the patients’ survival. Now, when you gather data on a new patient, the algorithm can estimate the risk of that patient dying.


  As another example, imagine you work for a power company, and it’s your job to make sure customers’ bills are estimated accurately. You train an algorithm to learn patterns of data associated with the electricity use of households. Now, when a new household joins the power company, you can estimate how much money you should bill them each month.


  Finally, imagine you’re a political scientist, and you’re looking for types of voters that no one (including you) knows about. You train an algorithm to identify patterns of voters in survey data, to better understand what motivates voters for a particular political party. Do you see any similarities between these problems and the problems you would like to solve? Then—provided the solution is hidden somewhere in your data—you can train a machine learning algorithm to extract it for you.


  1.1.1. AI and machine learning


  Arthur Samuel, a scientist at IBM, first used the term machine learning in 1959. He used it to describe a form of AI that involved training an algorithm to learn to play the game of checkers. The word learning is what’s important here, as this is what distinguishes machine learning approaches from traditional AI.


  Traditional AI is programmatic. In other words, you give the computer a set of rules so that when it encounters new data, it knows precisely which output to give. An example of this would be using if else statements to classify animals as dogs, cats, or snakes:

  numberOfLegs <- c(4, 4, 0)
climbsTrees <- c(TRUE, FALSE, TRUE)

for (i in 1:3) {
  if (numberOfLegs[i] == 4) {
    if (climbsTrees[i]) print("cat") else print("dog")
  } else print("snake")
}


  In this R code, I’ve created three rules, mapping every possible input available to us to an output:


  


  
    	If the animal has four legs and climbs trees, it’s a cat.


    	If the animal has four legs and does not climb trees, it’s a dog.


    	Otherwise, the animal is a snake.

  


  Now, if we apply these rules to the data, we get the expected answers:

  [1] "cat"
[1] "dog"
[1] "snake"


  The problem with this approach is that we need to know in advance all the possible outputs the computer should give, and the system will never give us an output that we haven’t told it to give. Contrast this with the machine learning approach, where instead of telling the computer the rules, we give it the data and allow it to learn the rules for itself. The advantage of this approach is that the machine can “learn” patterns we didn’t even know existed in the data—and the more data we provide, the better it gets at learning those patterns (figure 1.2).


  


  Figure 1.2. Traditional AI vs. machine learning AI. In traditional AI applications, we provide the computer with a complete set of rules. When it’s given data, it outputs the relevant answers. In machine learning, we provide the computer with data and the answers, and it learns the rules for itself. When we pass new data through these rules, we get answers for this new data.
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  1.1.2. The difference between a model and an algorithm


  In practice, we call a set of rules that a machine learning algorithm learns a model. Once the model has been learned, we can give it new observations, and it will output its predictions for the new data. We refer to these as models because they represent real-world phenomena in a simplistic enough way that we and the computer can interpret and understand it. Just as a model of the Eiffel Tower may be a good representation of the real thing but isn’t exactly the same, so statistical models are attempted representations of real-world phenomena but won’t match them perfectly.


  
    
      
    

    
      
        	
      

    
  


  Note


  You may have heard the famous phrase coined by the statistician George Box that “All models are wrong, but some are useful”; this refers to the approximate nature of models.


  
    
      
    

    
      
        	
      

    
  


  The process by which the model is learned is referred to as the algorithm. As we discovered earlier, an algorithm is just a sequence of operations that work together to solve a problem. So how does this work in practice? Let’s take a simple example. Say we have two continuous variables, and we would like to train an algorithm that can predict one (the outcome or dependent variable) given the other (the predictor or independent variable). The relationship between these variables can be described by a straight line that can be defined using only two parameters: its slope and where it crosses the y-axis (the y-intercept). This is shown in figure 1.3.


  Figure 1.3. Any straight line can be described by its slope (the change in y divided by the change in x) and its intercept (where it crosses the y-axis when x = 0). The equation y = intercept + slope * x can be used to predict the value of y given a value of x.
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  An algorithm to learn this relationship could look something like the example in figure 1.4. We start by fitting a line with no slope through the mean of all the data. We calculate the distance each data point is from the line, square it, and sum these squared values. This sum of squares is a measure of how closely the line fits the data. Next, we rotate the line a little in a clockwise direction and measure the sum of squares for this line. If the sum of squares is bigger than it was before, we’ve made the fit worse, so we rotate the slope in the other direction and try again. If the sum of squares gets smaller, then we’ve made the fit better. We continue with this process, rotating the slope a little less each time we get closer, until the improvement on our previous iteration is smaller than some preset value we’ve chosen. The algorithm has iteratively learned the model (the slope and y-intercept) needed to predict future values of the output variable, given only the predictor variable. This example is slightly crude but hopefully illustrates how such an algorithm could work.


  
    
      
    

    
      
        	
      

    
  


  Note


  One of the initially confusing but eventually fun aspects of machine learning is that there is a plethora of algorithms to solve the same type of problem. The reason is that different people have come up with slightly different ways of solving the same problem, all trying to improve upon previous attempts. For a given task, it is our job as data scientists to choose which algorithm(s) will learn the best-performing model.


  
    
      
    

    
      
        	
      

    
  


  While certain algorithms tend to perform better than others with certain types of data, no single algorithm will always outperform all others on all problems. This concept is called the no free lunch theorem. In other words, you don’t get something for nothing; you need to put some effort into working out the best algorithm for your particular problem. Data scientists typically choose a few algorithms they know tend to work well for the type of data and problem they are working on, and see which algorithm generates the best-performing model. You’ll see how we do this later in the book. We can, however, narrow down our initial choice by dividing machine learning algorithms into categories, based on the function they perform and how they perform it.


  Figure 1.4. A hypothetical algorithm for learning the parameters of a straight line. This algorithm takes two continuous variables as inputs and fits a straight line through the mean. It iteratively rotates the line until it finds a solution that minimizes the sum of squares. The parameters of the line are output as the learned model.
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1.2. Classes of machine learning algorithms


  All machine learning algorithms can be categorized by their learning type and the task they perform. There are three learning types:


  


  
    	Supervised


    	Unsupervised


    	Semi-supervised

  


  The type depends on how the algorithms learn. Do they require us to hold their hand through the learning process? Or do they learn the answers for themselves? Supervised and unsupervised algorithms can be further split into two classes each:


  


  
    	Supervised

      


      
        	Classification


        	Regression

      

    


    	Unsupervised

      


      
        	Dimension reduction


        	Clustering

      

    

  


  The class depends on what the algorithms learn to do.


  So we categorize algorithms by how they learn and what they learn to do. But why do we care about this? Well, there are a lot of machine learning algorithms available to us. How do we know which one to pick? What kind of data do they require to function properly? Knowing which categories different algorithms belong to makes our job of selecting the most appropriate ones much simpler. In the next section, I cover how each of the classes is defined and why it’s different from the others. By the end of this section, you’ll have a clear understanding of why you would use algorithms from one class over another. By the end of the book, you’ll have the skills to apply a number of algorithms from each class.


  1.2.1. Differences between supervised, unsupervised, and semi-supervised learning


  Imagine you are trying to get a toddler to learn about shapes by using blocks of wood. In front of them, they have a ball, a cube, and a star. You ask them to show you the cube, and if they point to the correct shape, you tell them they are correct; if they are incorrect, you also tell them. You repeat this procedure until the toddler can identify the correct shape almost all of the time. This is called supervised learning, because you, the person who already knows which shape is which, are supervising the learner by telling them the answers.


  Now imagine a toddler is given multiple balls, cubes, and stars but this time is also given three bags. The toddler has to put all the balls in one bag, the cubes in another bag, and the stars in another, but you won’t tell them if they’re correct—they have to work it out for themselves from nothing but the information they have in front of them. This is called unsupervised learning, because the learner has to identify patterns themselves with no outside help.


  A machine learning algorithm is said to be supervised if it uses a ground truth or, in other words, labeled data. For example, if we wanted to classify a patient biopsy as healthy or cancerous based on its gene expression, we would give an algorithm the gene expression data, labeled with whether that tissue was healthy or cancerous. The algorithm now knows which cases come from each of the two types, and it tries to learn patterns in the data that discriminate them.


  Another example would be if we were trying to estimate a person’s monthly credit card expenditure. We could give an algorithm information about other people, such as their income, family size, whether they own their home, and so on, including how much they typically spent on their credit card in a month. The algorithm looks for patterns in the data that can predict these values in a reproducible way. When we collect data from a new person, the algorithm can estimate how much they will spend, based on the patterns it learned.


  A machine learning algorithm is said to be unsupervised if it does not use a ground truth and instead looks on its own for patterns in the data that hint at some underlying structure. For example, let’s say we take the gene expression data from lots of cancerous biopsies and ask an algorithm to tell us if there are clusters of biopsies. A cluster is a group of data points that are similar to each other but different from data in other clusters. This type of analysis can tell us if we have subgroups of cancer types that we may need to treat differently.


  Alternatively, we may have a dataset with a large number of variables—so many that it is difficult to interpret the data and look for relationships manually. We can ask an algorithm to look for a way of representing this high-dimensional dataset in a lower-dimensional one, while maintaining as much information from the original data as possible. Take a look at the summary in figure 1.5. If your algorithm uses labeled data (a ground truth), then it is supervised, and if it does not use labeled data, then it is unsupervised.


  


  Figure 1.5. Supervised vs. unsupervised machine learning. Supervised algorithms take data that is already labeled with a ground truth and build a model that can predict the labels of unlabeled, new data. Unsupervised algorithms take unlabeled data and learn patterns within it, such that new data can be mapped onto these patterns.
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    Semi-supervised learning

    Most machine learning algorithms will fall into one of these categories, but there is an additional approach called semi-supervised learning. As its name suggests, semi-supervised machine learning is not quite supervised and not quite unsupervised.


    Semi-supervised learning often describes a machine learning approach that combines supervised and unsupervised algorithms together, rather than strictly defining a class of algorithms in and of itself. The premise of semi-supervised learning is that, often, labeling a dataset requires a large amount of manual work by an expert observer. This process may be very time consuming, expensive, and error prone, and may be impossible for an entire dataset. So instead, we expertly label as many of the cases as is feasibly possible, and then we build a supervised model using only the labeled data. We pass the rest of our data (the unlabeled cases) into the model to get their predicted labels, called pseudo-labels because we don’t know if all of them are actually correct. Now we combine the data with the manual labels and pseudo-labels, and use the result to train a new model.


    This approach allows us to train a model that learns from both labeled and unlabeled data, and it can improve overall predictive performance because we are able to use all of the data at our disposal. If you would like to learn more about semi-supervised learning after completing this book, see Semi-Supervised Learning by Olivier Chapelle, Bernhard Scholkopf, and Alexander Zien (MIT Press, 2006). This reference may seem quite old, but it is still very good.

  


  
    
      
    

    
      
        	
      

    
  


  Within the supervised and unsupervised categories, machine learning algorithms can be further categorized by the tasks they perform. Just as a mechanical engineer knows which tools to use for the task at hand, so the data scientist needs to know which algorithms they should use for their task. There are four main classes to choose from: classification, regression, dimension reduction, and clustering.


  1.2.2. Classification, regression, dimension reduction, and clustering


  Supervised machine learning algorithms can be split into two classes:


  


  
    	
Classification algorithms take labeled data (because they are supervised learning methods) and learn patterns in the data that can be used to predict a categorical output variable. This is most often a grouping variable (a variable specifying which group a particular case belongs to) and can be binomial (two groups) or multinomial (more than two groups). Classification problems are very common machine learning tasks. Which customers will default on their payments? Which patients will survive? Which objects in a telescope image are stars, planets, or galaxies? When faced with problems like these, you should use a classification algorithm.


    	
Regression algorithms take labeled data and learn patterns in the data that can be used to predict a continuous output variable. How much carbon dioxide does a household contribute to the atmosphere? What will the share price of a company be tomorrow? What is the concentration of insulin in a patient’s blood? When faced with problems like these, you should use a regression algorithm.

  


  Unsupervised machine learning algorithms can also be split into two classes:


  


  
    	
Dimension-reduction algorithms take unlabeled (because they are unsupervised learning methods) and high-dimensional data (data with many variables) and learn a way of representing it in a lower number of dimensions. Dimension-reduction algorithms may be used as an exploratory technique (because it’s very difficult for humans to visually interpret data in more than two or three dimensions at once) or as a preprocessing step in the machine learning pipeline (it can help mitigate problems such as collinearity and the curse of dimensionality, terms I’ll define in later chapters). Dimension-reduction algorithms can also be used to help us visually confirm the performance of classification and clustering algorithms (by allowing us to plot the data in two or three dimensions).


    	
Clustering algorithms take unlabeled data and learn patterns of clustering in the data. A cluster is a collection of observations that are more similar to each other than to data points in other clusters. We assume that observations in the same cluster share some unifying features that make them identifiably different from other clusters. Clustering algorithms may be used as an exploratory technique to understand the structure of our data and may indicate a grouping structure that can be fed into classification algorithms. Are there subtypes of patient responders in a clinical trial? How many classes of respondents were there in the survey? Do different types of customers use our company? When faced with problems like these, you should use a clustering algorithm.

  


  See figure 1.6 for a summary of the different types of algorithms by type and function.


  By separating machine learning algorithms into these four classes, you will find it easier to select appropriate ones for the tasks at hand. This is why the book is structured the way it is: we first tackle classification, then regression, then dimension reduction, and then clustering, so you can build a clear mental picture of your toolbox of available algorithms for a particular application. Deciding which class of algorithm to choose from is usually straightforward:


  


  
    	If you need to predict a categorical variable, use a classification algorithm.


    	If you need to predict a continuous variable, use a regression algorithm.


    	If you need to represent the information of many variables with fewer variables, use dimension reduction.


    	If you need to identify clusters of cases, use a clustering algorithm.

  


  1.2.3. A brief word on deep learning


  If you’ve done more than a little reading about machine learning, you have probably come across the term deep learning, and you may have even heard the term in the media. Deep learning is a subfield of machine learning (all deep learning is machine learning, but not all machine learning is deep learning) that has become extremely popular in the last 5 to 10 years for two main reasons:


  


  
    	It can produce models with outstanding performance.


    	We now have the computational power to apply it more broadly.

  


  Deep learning uses neural networks to learn patterns in data, a term referring to the way in which the structure of these models superficially resembles neurons in the brain, with connections to pass information between them. The relationship between AI, machine learning, and deep learning is summarized in figure 1.7.


  Figure 1.6. Classification, regression, dimension reduction, and clustering. Classification and regression algorithms build models that predict categorical and continuous variables of unlabeled, new data, respectively. Dimension-reduction algorithms create a new representation of the original data in fewer dimensions and map new data onto this representation. Clustering algorithms identify clusters within the data and map new data onto these clusters.
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  Figure 1.7. The relationship between artificial intelligence (AI), machine learning, and deep learning. Deep learning comprises a collection of techniques that form a subset of machine learning techniques, which themselves are a subfield of AI.
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  While it’s true that deep learning methods will typically outperform “shallow” learning methods (a term sometimes used to distinguish machine learning methods that are not deep learning) for the same dataset, they are not always the best choice. Deep learning methods often are not the most appropriate method for a given problem for three reasons:


  


  
    	
They are computationally expensive. By expensive, we don’t mean monetary cost, of course: we mean they require a lot of computing power, which means they can take a long time (hours or even days!) to train. Arguably this is a less important reason not to use deep learning, because if a task is important enough to you, you can invest the time and computational resources required to solve it. But if you can train a model in a few minutes that performs well, then why waste additional time and resources?


    	
They tend to require more data. Deep learning models typically require hundreds to thousands of cases in order to perform extremely well. This largely depends on the complexity of the problem at hand, but shallow methods tend to perform better on small datasets than their deep learning counterparts.


    	
The rules are less interpretable. By their nature, deep learning models favor performance over model interpretability. Arguably, our focus should be on performance; but often we’re not only interested in getting the right output, we’re also interested in the rules the algorithm learned because these help us to interpret things about the real world and may help us further our research. The rules learned by a neural network are not easy to interpret.

  


  So while deep learning methods can be extraordinarily powerful, shallow learning techniques are still invaluable tools in the arsenal of data scientists.


  
    
      
    

    
      
        	
      

    
  


  Note


  Deep learning algorithms are particularly good at tasks involving complex data, such as image classification and audio transcription.


  
    
      
    

    
      
        	
      

    
  


  Because deep learning techniques require a lot of additional theory, I believe they require their own book, and so we will not discuss them here. If you would like to learn how to apply deep learning methods (and, after completing this book, I suggest you do), I strongly recommend Deep Learning with R by Francois Chollet and Joseph J. Allaire (Manning, 2018).


  
1.3. Thinking about the ethical impact of machine learning


  Machine learning can be a force for good, whether that’s helping people understand nature or assisting organizations to better manage their resources. But machine learning also has the potential to do great harm. For example, in 2017, a study was published showing that a machine learning model could predict—with startling accuracy—a person’s sexual orientation from nothing but an image of their face.[1] While the authors had no sinister intentions, the study raised concerns about the potential misuse of machine learning. Imagine if a country in which it is still illegal to be gay (happily, Botswana legalized homosexuality in 2019, so this number should now be 71) used a model like this to persecute or even execute people?


  
    1


    
      Yilun Wang and Michal Kosinski, “Deep Neural Networks Are More Accurate than Humans at Detecting Sexual Orientation from Facial Images,” 2017, https://osf.io/zn79k.
    


    

  


  Here’s another example: in 2015, it was discovered that Google’s algorithm for image recognition would classify images of people of color as images of gorillas.[2] The ethical consideration here is that the data the algorithm was trained on was biased toward images of white people and did a poor job of making accurate (and non-racist) predictions on images of non-white people. To avoid this kind of bias, it is imperative that our datasets are adequately representative of the population our model will be let loose on. Whether this is done using sensible sampling strategies or by testing for and correcting biases after training, it is our responsibility to ensure that our models aren’t biased against particular groups of subjects.
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      Jessica Guynn, “Google Photos Labeled Black People ‘Gorillas,’” USA Today, 2015, http://mng.bz/j5Na.
    


    

  


  An additional ethical concern with regard to machine learning research is one of security and credibility. While it may seem like something taken directly from a science fiction film, machine learning research has now reached a point where models can create videos of a person speaking, from just an image of their face. Researchers have used this so-called deep fake technology to produce videos of Barack Obama speaking whatever audio they provide.[3] Imagine misusing this technology to fabricate evidence of a defendant in a criminal trial making a statement they never made. Similar technology has also been used to replace one person’s face in a video with another person’s face. Sadly and notoriously, this has been misused to swap celebrities’ faces into pornographic videos. Imagine the potential of this for ruining a person’s career and dignity.
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      Supasorn Suwajanakorn, Steven M. Seitz, and Ira Kemelmacher-Shlizerman, “Synthesizing Obama: Learning Lip Sync from Audio,” ACM Transactions on Graphics 36 (4), article 95, 2017, http://mng.bz/WOQg.
    


    

  


  The previous point brings me to the issue of data protection and consent. In order to train useful machine learning models that perform well, we need data. But it’s important to consider whether the data you are using was collected ethically. Does it contain personal, sensitive, or financial information? Does the data belong to anyone? If so, have they given informed consent as to how it will be used? A spotlight was shined on these issues in 2018 when the consultancy firm Cambridge Analytica mined the social media data of millions of people without their consent. The subsequent media outcry and liquidation of Cambridge Analytica should serve as a stark reminder as to the importance of ethical data-collection procedures.


  Two more ethical considerations are these:


  


  
    	When a model suggests a particular course of action, should we follow its prediction blindly, or take it under advisement?


    	Who is culpable when something goes wrong?

  


  Imagine that we have a machine learning model that tells us whether to operate on a patient based on their diagnostic data. Would you be happy to follow the advice of the model if it had been shown to be correct in all previous cases? What about a model that predicts whether a defendant is guilty or innocent? You could argue that this second example is ridiculous, but it highlights my point: should humans be involved in the decision-making processes informed by machine learning? If so, how should humans be involved in these processes? The answers to these questions depend on the decision being made, how it affects the people involved, and whether human emotions should be considered in the decision-making process.


  The issue of culpability poses this question: when a decision made by a machine learning algorithm leads to harm, who is responsible? We live in societies in which people are held accountable for their actions. When something bad happens, rightly or wrongly, we expect that someone will be found culpable. In 2018, a car with self-driving capability collided with and killed a pedestrian.[4] Who was culpable? The manufacturer? The person in the car? The pedestrian? Does it matter if the pedestrian was jaywalking? Ethical quandaries like these need to be considered and carefully worked out before such machine learning technologies are released into the world.
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  When you train a machine learning model, I request that you ask yourself these five questions:


  


  
    	Are my intentions ethical?


    	Even if my intentions are ethical, could someone else do harm with my model?


    	Is my model biased in a way that can cause harm or discriminate?


    	Has the data been collected ethically?


    	Once deployed, how will humans fit into the decisions made by the model?

  


  If the answer to any of them makes you feel uneasy, please carefully consider if what you’re doing is ethical. Just because we can do something, doesn’t mean we should. If you would like to explore a deeper discussion of how to perform ethical machine learning, I suggest Towards a Code of Ethics for Artificial Intelligence by Paula Boddington (Springer, 2017).


  
1.4. Why use R for machine learning?


  There is something of a rivalry between the two most commonly used data science languages: R and Python. Anyone who is new to machine learning will choose one or the other to get started, and their decision will often be guided by the learning resources they have access to, which one is more commonly used in their field of work, and which one their colleagues use. There are no machine learning tasks that are only possible to apply in one language or the other, although some of the more cutting-edge deep learning approaches are easier to apply in Python (they tend to be written in Python first and implemented in R later). Python, while very good for data science, is a more general-purpose programming language, whereas R is geared specifically for mathematical and statistical applications. This means users of R can focus purely on data but may feel restricted if they ever need to build applications based on their models.


  There really isn’t an overall winner when pitching these two against each other for data science (although of course everyone has their favorite). So why have I chosen to write a book about machine learning in R? Because there are modern tools in R designed specifically to make data science tasks simple and human-readable, such as those from the tidyverse (we’ll cover these tools in depth in chapter 2).


  Traditionally, machine learning algorithms in R were scattered across multiple packages written by different authors. This meant you would need to learn to use new functions with different arguments and implementations each time you wanted to apply a new algorithm. Proponents of Python could use this as an example of why it was better suited for machine learning, because Python has the well-known scikit-learn package that has a plethora of built-in machine learning algorithms. But R has now followed suit, with the caret and mlr packages. While mlr is quite similar to caret in purpose and functionality, I believe mlr is more flexible and intuitive; so, we’ll be using mlr in the book.


  The mlr package (which stands for machine learning in R) provides an interface for a large number of machine learning algorithms and allows you to perform extremely complicated machine learning tasks with very little coding. Where possible, we will use the mlr package throughout this book so that when you’re finished, you’ll be proficient at using one of the most modern machine learning packages available.


  
1.5. Which datasets will we use?


  To make your learning process as fun and interesting as possible, we will use real datasets in our machine learning pipelines. R comes with a considerable number of built-in datasets, which are supplemented by datasets that come with packages we’ll be loading into our R sessions. I decided to use datasets that come with R or its packages, to make it easier for you to work through the book while offline. We’ll use these datasets to help us build our machine learning models and compare how different models perform on different types of data.


  
    
      
    

    
      
        	
      

    
  


  Tip


  With so many datasets to choose from, after completing each chapter, I suggest you apply what you’ve learned to a different dataset.


  
    
      
    

    
      
        	
      

    
  


  
1.6. What will you learn in this book?


  This book gives you a hands-on introduction to machine learning with R. To benefit from the book, you should be comfortable with basic R coding, such as loading packages and working with objects and data structures. You will learn the following:


  


  
    	How to organize, tidy, and plot your data using the tidyverse


    	Critical concepts such as overfitting, underfitting, and bias-variance trade-off


    	How to apply several machine learning algorithms from each of the four classes (classification, regression, dimension reduction, and clustering)


    	How to validate model performance and prevent overfitting


    	How to compare multiple models to decide on the best one for your purpose

  


  Throughout the book, we’ll use interesting examples to learn concepts and apply our knowledge. When possible, we will also apply multiple algorithms to the same dataset so you get a feel for how different algorithms perform under certain situations.


  
Summary


  


  
    	Artificial intelligence is the appearance of intelligent knowledge by a computer process.


    	Machine learning is a subfield of artificial intelligence, where the computer learns relationships in data to make predictions about future, unseen data or to identify meaningful patterns that help us understand our data better.


    	A machine learning algorithm is the process by which patterns and rules in the data are learned. A model is a collection of those patterns and rules that accepts new data, applies the rules to it, and outputs an answer.


    	Deep learning is a subfield of machine learning, which is, itself, a subfield of AI.


    	Machine learning algorithms are categorized/divided as supervised and unsupervised, depending on whether they learn from ground-truth-labeled data (supervised learning) or unlabeled data (unsupervised learning).


    	Supervised learning algorithms are categorized/divided as classification (if they predict a categorical variable) or regression (if they predict a continuous variable).


    	Unsupervised learning algorithms are categorized/divided as dimension reduction (if they find a lower-dimension representation of the data) or clustering (if they identify clusters of cases in the data).


    	Along with Python, R is a popular data science language and contains many tools and built-in datasets that simplify the process of data science and machine learning.

  


  


  Chapter 2. Tidying, manipulating, and plotting data with the tidyverse


  This chapter covers


  


  
    	Understanding the tidyverse


    	What is meant by tidy data


    	Installing and loading the tidyverse


    	Using the tibble, dplyr, ggplot2, tidyr, and purrr packages

  


  I’m really excited to start teaching machine learning to you. But before we dive into that, I want to teach you some skills that are going to make your learning experience simpler and more effective. These skills will also improve your general data science and R programming skills.


  Imagine that I asked you to build me a car (a typical request between friends). You could go old-fashioned: you could purchase the metal, glass, and other components; hand-cut all the pieces; hammer them into shape; and rivet them together. The car might look beautiful and work perfectly, but it would take a very long time to build, and it would be hard for you to remember exactly what you did if you had to make another one.


  Instead, you could take a modern approach and use robotic arms in your factory. You could program them to cut and bend the pieces into predefined shapes and assemble the pieces for you. In this scenario, building a car would be much faster and simpler for you, and it would be easy for you to reproduce the same process in the future.


  Now imagine that I make a more reasonable request and ask you to reorganize and plot a dataset, ready to be passed through a machine learning pipeline. You could use base R functions for this, and they would work fine. But the code would be long, it wouldn’t be very human-readable (so in a month you’d struggle to remember what you did), and the plots would be cumbersome to produce.


  Instead, you could take a more modern approach and use functions from the tidyverse family of packages. These functions help simplify the data-manipulation process, are very human-readable, and allow you to produce very attractive graphics with minimal typing.


  
2.1. What is the tidyverse, and what is tidy data?


  The purpose of this book is to give you the skills to apply machine learning approaches to your data. While it isn’t my intention to cover all other aspects of data science (nor could I, in a single book), I do want to introduce you to the tidyverse. Before you can input your data into a machine learning algorithm, it needs to be in a format that the algorithm is happy to work with.


  The tidyverse is an “opinionated collection of R packages designed for data science,” created for the purpose of making data science tasks in R simpler, more human-readable, and more reproducible. The packages are “opinionated” because they are designed to make tasks the package authors consider to be good practice, easy, and make tasks they consider to be bad practice, difficult. The name comes from the concept of tidy data, a data structure in which


  


  
    	Each row represents a single observation.


    	Each column represents a variable.

  


  Take a look at the data in table 2.1. Imagine that we take four runners and put them on a new training regime. We want to know if the regime is improving their running times, so we record their best times just before the new training starts (month 0), and for three months thereafter.


  Table 2.1. An example of untidy data. This table contains the running times for four runners, taken immediately before starting a new training regime and then for three months thereafter.


  
    
      
      
      
      
      
    

    
      
        	
          Athlete

        

        	
          Month 0

        

        	
          Month 1

        

        	
          Month 2

        

        	
          Month 3

        
      

    

    
      
        	Joana

        	12.50

        	12.1

        	11.98

        	11.99
      


      
        	Debi

        	14.86

        	14.9

        	14.70

        	14.30
      


      
        	Sukhveer

        	12.10

        	12.1

        	12.00

        	11.80
      


      
        	Kerol

        	19.60

        	19.7

        	19.30

        	19.00
      

    
  


  This is an example of untidy data. Can you see why? Well, let’s go back to our rules. Does each row represent a single observation? Nope. In fact, we have four observations per row (one for each month). Does each column represent a variable? Nope. There are only three variables in this data: the athlete, the month, and the best time, and yet we have five columns!


  How would the same data look in tidy format? Table 2.2 shows you.


  Table 2.2. This table contains the same data as table 2.1, but in tidy format.


  
    
      
      
      
    

    
      
        	
          Athlete

        

        	
          Month

        

        	
          Best

        
      

    

    
      
        	Joana

        	0

        	12.50
      


      
        	Debi

        	0

        	14.86
      


      
        	Sukhveer

        	0

        	12.10
      


      
        	Kerol

        	0

        	19.60
      


      
        	Joana

        	1

        	12.10
      


      
        	Debi

        	1

        	14.90
      


      
        	Sukhveer

        	1

        	12.10
      


      
        	Kerol

        	1

        	19.70
      


      
        	Joana

        	2

        	11.98
      


      
        	Debi

        	2

        	14.70
      


      
        	Sukhveer

        	2

        	12.00
      


      
        	Kerol

        	2

        	19.30
      


      
        	Joana

        	3

        	11.99
      


      
        	Debi

        	3

        	14.30
      


      
        	Sukhveer

        	3

        	11.80
      


      
        	Kerol

        	3

        	19.00
      

    
  


  This time, we have the column Month that contains the month identifiers that were previously used as separate columns, and the Best column, which holds the best time for each athlete for each month. Does each row represent a single observation? Yes! Does each column represent a variable? Yes! So this data is in tidy format.


  Ensuring that your data is in tidy format is an important early step in any machine learning pipeline, and so the tidyverse includes the package tidyr, which helps you achieve this. The other packages in the tidyverse work with tidyr and each other to help you do the following:


  


  
    	Organize and display your data in a sensible way (tibble)


    	Manipulate and subset your data (dplyr)


    	
Plot your data (ggplot2)


    	Replace for loops with a functional programming approach (purrr)

  


  All of the operations available to you in the tidyverse are achievable using base R code, but I strongly suggest that you incorporate the tidyverse in your work: it will help you keep your code simpler, more human-readable, and reproducible.


  
    
      
    

    
      
        	
      

    
  


  
    Core and optional packages of the tidyverse

    I’m going to teach you to use the tibble, dplyr, ggplot2, tidyr, and purrr packages of the tidyverse. These are part of the “core” tidyverse packages, along with these:


    


    
      	readr, for reading data into R from external files


      	forcats, for working with factors


      	stringr, for working with strings

    


    In addition to these core packages that can be loaded together, the tidyverse includes a number of optional packages that need to be loaded individually.


    To learn more about the other tools of the tidyverse, see R for Data Science by Garrett Grolemund and Hadley Wickham (O’Reilly Media, 2016).

  


  
    
      
    

    
      
        	
      

    
  


  
2.2. Loading the tidyverse


  The packages of the tidyverse can all be installed and loaded together (recommended)

  install.packages("tidyverse")
library(tidyverse)


  or installed and loaded individually as needed:

  install.packages(c("tibble", "dplyr", "ggplot2", "tidyr", "purrr"))
library(tibble)
library(dplyr)
library(ggplot2)
library(tidyr)
library(purrr)


  
2.3. What the tibble package is and what it does


  If you have been doing any form of data science or analysis in R, you will surely have come across data frames as a structure for storing rectangular data. Data frames work fine and, for a long time, were the only way to store rectangular data with columns of different types (in contrast to matrices, which can only handle data of the same type), but very little has been done to improve the aspects of data frames that data scientists dislike.


  
    
      
    

    
      
        	
      

    
  


  Note


  Data is rectangular if each row has a number of elements equal to the number of columns, and each column has a number of elements equal to the number of rows. Data isn’t always of this kind!


  
    
      
    

    
      
        	
      

    
  


  The tibble package introduces a new data structure, the tibble, to “keep the features that have stood the test of time, and drop the features that used to be convenient but are now frustrating” (http://mng.bz/1wxj). Let’s see what’s meant by this.


  2.3.1. Creating tibbles


  Creating tibbles with the tibble() function works the same as creating data frames:

  myTib <- tibble(x =  1:4,
                y = c("london", "beijing", "las vegas", "berlin"))

myTib

# A tibble: 4 x 2     1
      x y             2
  <int> <chr>         3
1     1 london
2     2 beijing
3     3 las vegas
4     4 berlin


  


  
    	1 Tells us it’s a tibble with four rows and two columns


    	2 Variable names


    	3 Variable classes: <int> = integer, <chr> = character

  


  If you’re used to working with data frames, you will immediately notice two differences in how tibbles are printed:


  


  
    	When you print a tibble, it tells you that it’s a tibble and its dimensions.


    	Tibbles tell you the type of each variable.

  


  This second feature is particularly useful in avoiding errors due to incorrect variable types.


  
    
      
    

    
      
        	
      

    
  


  Tip


  When printing a tibble, <int> denotes an integer variable, <chr> denotes a character variable, <dbl> denotes a floating-point number (decimal), and <lgl> denotes a logical variable.


  
    
      
    

    
      
        	
      

    
  


  2.3.2. Converting existing data frames into tibbles


  Just as you can coerce objects into data frames using the as.data.frame() function, you can coerce objects into tibbles using the as_tibble() function:

  myDf <- data.frame(x =  1:4,
                   y = c("london", "beijing", "las vegas", "berlin"))

dfToTib <- as_tibble(myDf)

dfToTib

# A tibble: 4 x 2
      x y
  <int> <fct>
1     1 london
2     2 beijing
3     3 las vegas
4     4 berlin


  
    
      
    

    
      
        	
      

    
  


  Note


  In this book, we’ll be working with data already built into R. Often, we need to read data into our R session from a .csv file. To load the data as a tibble, you use the read_csv() function. read_csv() comes from the readr package, which is loaded when you call library(tidyverse), and is the tidyverse version of read.csv().


  
    
      
    

    
      
        	
      

    
  


  2.3.3. Differences between data frames and tibbles


  If you’re used to working with data frames, you’ll notice a few differences with tibbles. I’ve summarized the most notable differences between data frames and tibbles in this section.


  
Tibbles don’t convert your data types


  A common frustration people have when creating data frames is that they convert string variables to factors by default (prior to R 4.0.0). This can be annoying because it may not be the best way to handle the variables. To prevent this conversion, you must supply the stringsAsFactors = FALSE argument when creating a data frame.


  In contrast, tibbles don’t convert string variables to factors by default. This behavior is desirable because automatic conversion of data to certain types can be a frustrating source of bugs:

  myDf <- data.frame(x =  1:4,
                   y = c("london", "beijing", "las vegas", "berlin"))

myDfNotFactor <- data.frame(x =  1:4,
                            y = c("london", "beijing", "las vegas", "berlin"),
                            stringsAsFactors = FALSE)

myTib <- tibble(x =  1:4,
                y = c("london", "beijing", "las vegas", "berlin"))

class(myDf$y)
[1] "factor"

class(myDfNotFactor$y)
[1] "character"

class(myTib$y)
[1] "character"


  If you want a variable to be a factor in a tibble, you simply wrap the c() function inside factor():

  myTib <- tibble(x =  1:4,
                y = factor(c("london", "beijing", "las vegas", "berlin")))
myTib


  
Concise output, regardless of data size


  When you print a data frame, all the columns are printed to the console (by default), making it difficult to view early variables and cases. When you print a tibble, it only prints the first 10 rows and the number of columns that fit on your screen (by default), making it easier to get a quick understanding of the data. Note that the names of variables that aren’t printed are listed at the bottom of the output. Run the following code, and contrast the output of the starwars tibble (which is included with dplyr and available when you call library(tidyverse)) with how it looks when converted into a data frame.


  Listing 2.1. The starwars data as a tibble and a data frame

  data(starwars)

starwars

as.data.frame(starwars)


  
    
      
    

    
      
        	
      

    
  


  Tip


  The data() function loads into your global environment a dataset that is included with base R or an R package. Use data() with no arguments to list all the datasets available for your currently loaded packages.


  
    
      
    

    
      
        	
      

    
  


  
Subsetting with [ always returns another tibble


  When subsetting a data frame, the [ operator will return another data frame if you keep more than one column, or a vector if you keep only one. When subsetting a tibble, the [ operator will always return another tibble. If you wish to explicitly return a tibble column as a vector, use either the [[ or $ operator instead. This behavior is desirable because we should be explicit in whether we want a vector or rectangular data structure, to avoid bugs:

  myDf[, 1]

[1] 1 2 3 4

myTib[, 1]

# A tibble: 4 x 1
      x
  <int>
1     1
2     2
3     3
4     4

myTib[[1]]

[1] 1 2 3 4

myTib$x
[1] 1 2 3 4


  
    
      
    

    
      
        	
      

    
  


  Note


  An exception to this is if you subset a data frame using a single index with no comma (such as myDf[1]). In this case, the [ operator will return a single-column data frame, but this method doesn’t allow us to combine row and column subsetting.


  
    
      
    

    
      
        	
      

    
  


  
Variables are created sequentially


  When building a tibble, variables are created sequentially so that later variables can reference those defined earlier. This means we can create variables on the fly that refer to other variables in the same function call:

  sequentialTib <- tibble(nItems = c(12, 45, 107),
                        cost = c(0.5, 1.2, 1.8),
                        totalWorth = nItems * cost)

sequentialTib

# A tibble: 3 x 3
  nItems  cost totalWorth
   <dbl> <dbl>      <dbl>
1     12   0.5         6
2     45   1.2        54
3    107   1.8       193


  
    
      
    

    
      
        	
      

    
  


  
    Exercise 1

    Load the mtcars dataset using the data() function, convert it into a tibble, and explore it using the summary() function.

  


  
    
      
    

    
      
        	
      

    
  


  
2.4. What the dplyr package is and what it does


  When working with data, we often need to perform operations on it such as the following-:


  


  
    	Selecting only the rows and/or columns of interest


    	Creating new variables


    	Arranging the data in ascending or descending order of certain variables


    	Getting summary statistics

  


  There may also be a natural grouping structure in the data that we would like to maintain when performing these operations. The dplyr package allows us to perform these operations in a very intuitive way. Let’s work through an example.


  2.4.1. Manipulating the CO2 dataset with dplyr


  Let’s load the built-in CO2 dataset in R. We have a tibble with 84 cases and 5 variables, documenting the uptake of carbon dioxide by different plants under various conditions. I’m going to use this dataset to teach you some fundamental dplyr skills.


  Listing 2.2. Exploring the CO2 dataset

  library(tibble)

data(CO2)

CO2tib <- as_tibble(CO2)
CO2tib

# A tibble: 84 x 5
   Plant Type   Treatment   conc uptake
 * <ord> <fct>  <fct>      <dbl>  <dbl>
 1 Qn1   Quebec nonchilled    95   16
 2 Qn1   Quebec nonchilled   175   30.4
 3 Qn1   Quebec nonchilled   250   34.8
 4 Qn1   Quebec nonchilled   350   37.2
 5 Qn1   Quebec nonchilled   500   35.3
 6 Qn1   Quebec nonchilled   675   39.2
 7 Qn1   Quebec nonchilled  1000   39.7
 8 Qn2   Quebec nonchilled    95   13.6
 9 Qn2   Quebec nonchilled   175   27.3
10 Qn2   Quebec nonchilled   250   37.1
# ... with 74 more rows


  Let’s say we want to select only columns 1, 2, 3, and 5. We can do this using the select() function. In the select() function call in the following listing, the first argument is the data; then we supply either the numbers or names of the columns we wish to select, separated by commas.


  Listing 2.3. Selecting columns using select()


  library(dplyr)

selectedData <- select(CO2tib, 1, 2, 3, 5)

selectedData

# A tibble: 84 x 4
   Plant Type   Treatment  uptake
 * <ord> <fct>  <fct>       <dbl>
 1 Qn1   Quebec nonchilled   16
 2 Qn1   Quebec nonchilled   30.4
 3 Qn1   Quebec nonchilled   34.8
 4 Qn1   Quebec nonchilled   37.2
 5 Qn1   Quebec nonchilled   35.3
 6 Qn1   Quebec nonchilled   39.2
 7 Qn1   Quebec nonchilled   39.7
 8 Qn2   Quebec nonchilled   13.6
 9 Qn2   Quebec nonchilled   27.3
10 Qn2   Quebec nonchilled   37.1
# ... with 74 more rows


  
    
      
    

    
      
        	
      

    
  


  
    Exercise 2

    Select all of the columns of your mtcars tibble except the qsec and vs variables.

  


  
    
      
    

    
      
        	
      

    
  


  Now let’s suppose we wish to filter our data to include only cases whose uptake was greater than 16. We can do this using the filter() function. The first argument of filter() is, once again, the data, and the second argument is a logical expression that will be evaluated for each row. We can include multiple conditions here by separating them with commas.


  Listing 2.4. Filtering rows using filter()


  filteredData <- filter(selectedData, uptake > 16)

filteredData

# A tibble: 66 x 4
   Plant Type   Treatment  uptake
   <ord> <fct>  <fct>       <dbl>
 1 Qn1   Quebec nonchilled   30.4
 2 Qn1   Quebec nonchilled   34.8
 3 Qn1   Quebec nonchilled   37.2
 4 Qn1   Quebec nonchilled   35.3
 5 Qn1   Quebec nonchilled   39.2
 6 Qn1   Quebec nonchilled   39.7
 7 Qn2   Quebec nonchilled   27.3
 8 Qn2   Quebec nonchilled   37.1
 9 Qn2   Quebec nonchilled   41.8
10 Qn2   Quebec nonchilled   40.6
# ... with 56 more rows


  
    
      
    

    
      
        	
      

    
  


  
    Exercise 3

    Filter your mtcars tibble to include only cases with a number of cylinders (cyl) not equal to 8.

  


  
    
      
    

    
      
        	
      

    
  


  Next, we would like to group by individual plants and summarize the data to get the mean and standard deviation of uptake within each group. We can achieve this using the group_by() and summarize() functions, respectively.


  In the group_by() function, the first argument is—you guessed it—the data (see the pattern here?), followed by the grouping variable. We can group by more than one variable by separating them with commas. When we print groupedData, not much has changed except that we get an indication above the data saying that they are grouped, the variable by which they are grouped, and how many groups there are. This tells us that any further operations we apply will be performed on a group-by-group basis.


  Listing 2.5. Grouping data with group_by()


  groupedData <- group_by(filteredData, Plant)

groupedData

# A tibble: 66 x 4
# Groups:   Plant [11]
   Plant Type   Treatment  uptake
   <ord> <fct>  <fct>       <dbl>
 1 Qn1   Quebec nonchilled   30.4
 2 Qn1   Quebec nonchilled   34.8
 3 Qn1   Quebec nonchilled   37.2
 4 Qn1   Quebec nonchilled   35.3
 5 Qn1   Quebec nonchilled   39.2
 6 Qn1   Quebec nonchilled   39.7
 7 Qn2   Quebec nonchilled   27.3
 8 Qn2   Quebec nonchilled   37.1
 9 Qn2   Quebec nonchilled   41.8
10 Qn2   Quebec nonchilled   40.6
# ... with 56 more rows


  
    
      
    

    
      
        	
      

    
  


  Tip


  You can remove a grouping structure from a tibble by wrapping it in the ungroup() function.


  
    
      
    

    
      
        	
      

    
  


  In the summarize() function, the first argument is the data; in the second argument, we name the new variables we’re creating, followed by an = sign, followed by a definition of that variable. We can create as many new variables as we like by separating them by commas. In listing 2.6, we create two summary variables: the mean of the uptake for each group (meanUp) and the standard deviation of the uptake for each group (sdUp). Now, when we print summarizedData, we can see that aside from our grouping variable, our original variables have been replaced with the summary variables we just created.


  Listing 2.6. Creating summaries of variables using summarize()


  summarizedData <- summarize(groupedData, meanUp = mean(uptake),
                            sdUp = sd(uptake))

summarizedData

# A tibble: 11 x 3
   Plant meanUp   sdUp
   <ord>  <dbl>  <dbl>
 1 Qn1     36.1  3.42
 2 Qn2     38.8  6.07
 3 Qn3     37.6 10.3
 4 Qc1     32.6  5.03
 5 Qc3     35.5  7.52
 6 Qc2     36.6  5.14
 7 Mn3     26.2  3.49
 8 Mn2     29.9  3.92
 9 Mn1     29.0  5.70
10 Mc3     18.4  0.826
11 Mc1     20.1  1.83


  Finally, we will mutate a new variable from the existing ones to calculate the coefficient of variation for each group, and then we’ll arrange the rows in the data so that the row with the smallest value of the new variable is at the top, and the row with the largest value is at the bottom. We can do this with the mutate() and arrange() functions.


  For the mutate() function, the first argument is the data. The second argument is the name of the new variable to be created, followed by an = sign, followed by its definition. We can create as many new variables as we like by separating them with commas.


  Listing 2.7. Creating new variables using mutate()


  mutatedData <- mutate(summarizedData,  CV = (sdUp / meanUp) * 100)

mutatedData

# A tibble: 11 x 4
   Plant meanUp   sdUp    CV
   <ord>  <dbl>  <dbl> <dbl>
 1 Qn1     36.1  3.42   9.48
 2 Qn2     38.8  6.07  15.7
 3 Qn3     37.6 10.3   27.5
 4 Qc1     32.6  5.03  15.4
 5 Qc3     35.5  7.52  21.2
 6 Qc2     36.6  5.14  14.1
 7 Mn3     26.2  3.49  13.3
 8 Mn2     29.9  3.92  13.1
 9 Mn1     29.0  5.70  19.6
10 Mc3     18.4  0.826  4.48
11 Mc1     20.1  1.83   9.11


  
    
      
    

    
      
        	
      

    
  


  Tip


  Argument evaluation in dplyr functions is sequential, meaning we could have defined the CV variable in the summarize() function by referencing the meanUp and sdUp variables, even though they hadn’t been created yet!


  
    
      
    

    
      
        	
      

    
  


  The arrange() function takes the data as the first argument, followed by the variable(s) we wish to arrange the cases by. We can arrange by multiple columns by separating them with commas: doing so will arrange the cases in the order of the first variable, and any ties will be ordered based on their value of the second variable, and so on with subsequent ties.


  Listing 2.8. Arranging tibbles by variables using arrange()


  arrangedData <- arrange(mutatedData, CV)

arrangedData

# A tibble: 11 x 4
   Plant meanUp   sdUp    CV
   <ord>  <dbl>  <dbl> <dbl>
 1 Mc3     18.4  0.826  4.48
 2 Mc1     20.1  1.83   9.11
 3 Qn1     36.1  3.42   9.48
 4 Mn2     29.9  3.92  13.1
 5 Mn3     26.2  3.49  13.3
 6 Qc2     36.6  5.14  14.1
 7 Qc1     32.6  5.03  15.4
 8 Qn2     38.8  6.07  15.7
 9 Mn1     29.0  5.70  19.6
10 Qc3     35.5  7.52  21.2
11 Qn3     37.6 10.3   27.5


  
    
      
    

    
      
        	
      

    
  


  Tip


  If you want to arrange a tibble in descending order of a variable’s values, simply wrap the variable in desc(): arrange(mutatedData, desc(CV)).


  
    
      
    

    
      
        	
      

    
  


  2.4.2. Chaining dplyr functions together


  Everything we did in section 2.4.1 could be achieved using base R, but I hope you can see that the dplyr functions—or verbs, as they’re often called (because they are human-readable and clearly imply what they do)—help make the code simpler and more human-readable. But the power of dplyr really comes from the ability to chain these functions together into intuitive, sequential processes.
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