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Preface

Statisticians use data to build models, and they use models to describe the world
and to make predictions about what will happen next. There has been a large
number of very good books that describe statistical modeling, but these model-
ing efforts usually start with a set of “clean,” well-behaved data in which nothing
is missing or anomalous.

In real life, data is messy. There will be missing values, impossible values,
and typographical errors. Data is gathered from multiple sources, leading to
both duplication and inconsistency. Data that should be categorical is coded
as numeric; data that should be numeric can appear categorical; data can be
hidden inside free-form text; and data can be in the form of dates in a wide
number of possible formats. We estimate that 80% of the time taken in any
data analysis problem is taken up just in reading and preparing the data. So, any
analyst needs to know how to acquire data and how to prepare it for modeling,
and the steps taken should be automatic, as far as possible, and reproducible.

This book describes how to handle data using the R software. R is the most
widely used software in statistics, and it has the advantage of being free,
open-source, and available on every major computing platform. Whatever
software you use, you will find yourself facing the issues of acquiring, cleaning,
and merging data, and documenting the steps you took. We hope this book
will help you do these things efficiently.

Sam Buttrey and Lyn WhitakerMonterey, California, USA
November 30, 2016
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1

R

1.1 Introduction

This book focuses on one problem that is common to almost every statistical
problem – indeed, to almost any problem involving any sort of analysis. That
problem is acquiring and preparing the data. Across our many years of data
analysis, we have learned that seemingly 80% of our time – maybe more – goes
into the data preparation steps (a belief echoed by others such as Dasu and
Johnson, 2003). Collectively, we call these actions data cleaning, although,
as we will discuss later, we sometimes use that term for something a little
more specific. Regardless of the name, almost any analysis requires that you
(i) acquire that data, that is, read it into the computer program; (ii) clean the
data, that is, identify entries that are duplicated or clearly erroneous or anoma-
lous, and take other preparation steps (e.g., combining entries such as “Female,”
“female,” and “F”); (iii) merge data from different sources; and (iv) prepare
the data for modeling, which might involve dividing a set of numeric values
into subsets, combining states into regions, and so on. This book discusses
some approaches for accomplishing these four steps in the R language (R Core
Team, 2013). A fifth problem, which receives less emphasis, is the problem of
long-term curation of the data. Which parts of the data must be saved and in
what way? We address that question by reference to the idea of reproducible
research, which we discuss later in this chapter, and later in the book as well.

1.1.1 What Is R?

R is a computer program that lets you analyze data. By “analyze” we mean, first,
read the data into the program and then operate on it – drawing graphs and
charts, manipulating values, fitting statistical models, and so on. (Notice that
we prefer to call data “it” rather than “them.” We discuss this choice briefly
toward the end of the chapter.) R is both a statistical “environment” and also

A Data Scientist’s Guide to Acquiring, Cleaning, and Managing Data in R, First Edition.
Samuel E. Buttrey and Lyn R. Whitaker.
© 2018 John Wiley & Sons Ltd. Published 2018 by John Wiley & Sons Ltd.
Companion website: www.wiley.com/go/buttrey/datascientistsguide
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a programming language, and it is very widely used both in commercial and
academic settings. R is free and open-source and runs on Windows, Apple, and
Linux operating systems. It is maintained by a group of volunteers who release
bug fixes and new features regularly.

1.1.2 Who Uses R and Why?

R started as a tool for statisticians, evolving from a language called S that
was created in the 1970s. Today, R remains the primary language of academic
statisticians, and it also has a prominent place among analysts in business
and government as well. It is used not only for building statistical models
but also for handling and cleaning data, as in this book, and for developing
new statistical methods, building simulations, for visualization, and generally
for all the data-handling tools the statistician and the data scientist require.
Because of the ease with which users can develop and distribute new methods,
R has also become the tool of choice in certain fast-growing fields such as
biostatistics and genetics. Articles on “surveys of the top tools used by data
scientists” inevitably name R as one of the important tools with which data
scientists, as well as statisticians, should be familiar. Moreover, R’s popularity is
such that there are extensions to R (see “packages” in Section 1.4.4) that allow
you to connect to other programs such as the Python and Java languages, the
H2O machine-learning system, the ArcGIS geographical information system,
and many more.

1.1.3 Acquiring and Installing R

The primary way to acquire R is to download it from the Internet. The main
R website for R is www.r-project.org, and the www.cran.r-project
.org page (“CRAN” standing for “Comprehensive R Archive Network”) is
where you can download R itself. There are in fact dozens of “mirror” sites for
CRAN – that is, websites that are essentially copies of the CRAN site – so as
to reduce the load on the CRAN site. You can probably find a mirror near you
on the “mirrors” page. After you download R, install it in the way you would
normally install a program on your operating system.

At any one time, users around the world will be running slightly different
versions of R, since new ones are released fairly frequently. For example, at this
writing the current version of R was called 3.3.2, but many users are still using
3.2 or earlier versions. This will almost never cause problems, but it is a good
idea to update your version of R from time to time.

There are also several slightly different versions of R distributed other than at
CRAN. Microsoft R Open is a particular version of R that uses a different set
of math libraries intended to make certain computations faster. Like “regular”
R, Microsoft R Open is free, although it does not run on OS X. Other ver-
sions of R are intended to communicate with relational databases or with other
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big-data platforms. For this book, we will assume you are running “regular”
R – but in any case for our purposes all versions of R should behave exactly the
same way.

1.1.4 Starting and Quitting R

The way you start R depends on your operating system. Normally double-
clicking on an R icon will be enough to get R started. In the command-
line interface of many Linux systems, or using the OS X terminal window, it
may be enough just to type the upper-case letter R (or, for Windows command
lines, Rgui). When R has started, you will see the command prompt >. This is
the R console, the place where commands are entered. At this point, you can
start typing commands to R. When it comes time to quit R, you can either
“kill” the window in the usual way (for OS X, the red dot, the lightswitch in the
top right, or via the File dialog; for Windows, the red X or File dialog) or you
can type the q() command. In either case, R will then ask you if you want to
“Save workspace image.” If you answer “yes” to this question, R will save to the
disk any changes you made during the current session, whereas if you answer
“no,” R will return its workspace to the condition it was in when R was last
started. We almost always want to answer “yes” to this question!

1.2 Data

Data is information about the elements of whatever problem we are investigat-
ing. Data comes in many forms, but for our purposes it will always be presented
in a set of computer-ready values. For example, a database concerning birds
might include text about the habits of the birds, numbers giving lengths and
weights of the individuals, maps showing migration patterns, images showing
the birds themselves, sound recordings of the birds’ calls, and so on. Although
they look very different, all of these different pieces of information can be rep-
resented in the computer in digital form in one way or another. In this example,
one of our primary tasks might be to ensure that each bird’s description is cor-
rectly matched with the correct map, image, and song file. Our data analysis
projects rarely include data quite so disparate, but in almost every case we need
to acquire data, clean it (a process we start to describe in what follows and con-
tinue throughout the book), and prepare it for modeling, and in almost every
case we expect our data to consist of both numeric and textual values.

1.2.1 Acquiring Data

The first step in a data analysis project, of course, is to get the data into R where
it can be manipulated. We are old enough to remember the days when this
involved typing all the data from the back of a book or journal paper into a
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statistics package by hand, but happily this is not necessary today. On the other
hand, data now comes in a variety of formats, few of which were created with
the convenience of the data scientist in mind. In Chapter 6, we describe some
of these common formats and how to use R to read data effectively.

1.2.2 Cleaning Data

We “clean” data when we detect (and, in many cases, remove) anomalies.
Anomalies will very often be missing values, but they might also be absurd
ones, as when people’s ages are reported as 999 or −1. Sometimes, as in our
earlier example, we might have genders reported as “Female,” “female,” and “F”
and we want to combine these three values. In the cleaning process we might
learn, for example, that one data source produced no data at all in August 2016;
this sort of fact will need to be brought to the attention of the data provider.
The data cleaning process also involves merging data from different sources,
extracting subsets or reshaping the data in some way. All in all, data cleaning
is the process of turning raw data, received from one or more providers, into a
data set that can be used in visualization, modeling, and decision-making.

In practice these steps are iterative. Our cleaning process not only informs the
modeling, but it sometimes leads us to re-acquire the data in a different, more
usable form. Similarly, insights from modeling will often lead us to prepare the
data in a new and more revealing way – because it is when we model that we
often discover anomalies or other interesting attributes of the data.

1.2.3 The Goal of Data Cleaning

What a “clean” data set should look like depends on what your goals are. One
useful perspective is given by Wickham (2014), who describes what he calls
“tidy” data. A tidy data set is rectangular (or tabular); each row describes one
unit of analysis (an observation), and each column gives one measurement (a
variable). For example, in a data set giving measurements about people, each
row would concern itself with a person, and the columns might give height,
weight, age, blood type, and so on.

In some problems, it is not immediately clear what the unit of analysis is.
For example, imagine data that describes the locations of boats over the course
of a month, as recorded by GPS. For some purposes, a “tidy” data set would
have one row per GPS ping, each row giving a ship identifier, a location, and
a time. For other purposes, we might prefer a data set with one row per boat,
each row giving the southernmost point that ship reaches, or perhaps giving a
binary indicator of whether the ship did, or did not, spend time in international
waters. Some data – images and sound, for example – do not lend themselves
to this “tidy” approach.
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The exact layout of your final data will depend on what you plan to do with
it – and in some cases this won’t be known until after you have operated on
the data.

1.2.4 Making Your Work Reproducible

It is vital that other people be able to reproduce the actions you took on your
data. Ideally, you or another analyst should be able to start with your raw data,
run all the steps you applied to it, and emerge with exactly the same clean, pre-
pared data sets. This will be useful to you when you encounter a situation similar
to the one in the previous paragraph, where the form of the new data needs to
be designed. But it is even more important for another analyst, since if you
or another analyst can reproduce your results there will be no disagreement
about the data. The act of making research reproducible has, in recent years,
been rightfully recognized as a cornerstone of scientific progress. Record and
document every step you take so that others can repeat them.

1.3 The Very Basics of R

This book is about handling data in R. It cannot teach you the very basics of R in
detail – although, happily, there are many good books and online resources that
can. (We give a few examples at the end of this chapter.) In this section, we list a
few of the most basic facts about R, but, again, this book is not intended to teach
you R. Rather, we focus on the details of R and of the way data is represented
in R, in order to help you understand some of the ways to acquire, clean, and
handle data inside R.

1.3.1 Top Ten Quick Facts You Need to Know about R

In this section, we give a few of the most important facts about R a beginner
needs to know. There will be more detail on these facts later in the chapter and
throughout the book.

1) The prompt is (by default) >. If you leave a command incomplete, maybe
because there is an unclosed parenthesis or quotation mark, R gives you
the continuation prompt, which is +. The Esc key (Windows) or control-C
(other systems) produces the break command, which will take you back to
the regular prompt. In this example, we show what a completed command
looks like – in this case, R is computing the value of 3 divided by 2.
> 3 / 2
[1] 1.5
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Here, R produced the prompt (>), and we typed 3 / 2 and pressed the
Enter (or “Return”) key. R then produced the output. We will talk about
the [1] part in Chapter 2, but the computed value of 1.5 is shown. In
the following example, we show what happens when we press Enter after
typing the slash character:

> 3/
+ 2
[1] 1.5

Here, since the expression on the first line was incomplete, R produced the
continuation prompt, +. When we typed 2 and hit Enter, the expression
was complete and the result was shown. In case of confusion, press break
until the original > prompt is showing.

In examples in this book where we want to show the R output, we also
show the > prompt in front of our code. Remember, that > is produced by
R; you don’t need to type that yourself. (At the end of the chapter, we tell
you where you can get all the code from the book in electronic form.)

2) R is case-sensitive, which means that upper- and lower-case letters
are different in R. For example, the built-in R object LETTERS gives
all 26 upper-case letters. A different item called letters contains the
lower-case versions of the alphabet. There is no built-in object called
Letters.

3) Show an object by typing its name. For example, if you type ls by itself,
you see the contents of the function whose name is ls, the one that lists all
the objects in your workspace (which we define later). To actually run the
function and see the objects, you need to type the function’s name together
with parentheses. In this case, list your objects by typing ls().

4) Get help for a function or object named thing with the command
help(thing) or ?thing. For example, to see the help for the
ls() function, type help(ls). If you don’t know the name, try
help.search() with a relevant word in quotation marks; for example,
try help.search ("matrices") to see functions that handle
matrices.

5) Assign a value or object to a name with the left-arrow (less-than plus
hyphen): for example, the command a <- 1 creates a new object named
a with value 1. (You can also assign with a command such as a = 1,
but we don’t recommend it.) The assignment will over-write any existing
object named a you might have had. Once you create an object, it is in
your “workspace,” and your workspace can be saved when you quit. So
unless your computer crashes, when you create an object it will persist
until you delete it. Display the set of objects in your workspace with
objects() or ls(); remove an object with remove() or rm(). Not
every character is permitted in the name of an R object. Start a name


