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R is a scripting language for statistical data manipulation and analysis. It was inspired by, and is mostly compatible with, the statistical language S developed by AT&T. The name S, for statistics, was an allusion to another programming language with a one-letter name developed at AT&T—the famous C language. S later was sold to a small firm, which added a graphical user interface (GUI) and named the result S-Plus.

R has become more popular than S or S-Plus, both because it’s free and because more people are contributing to it. R is sometimes called GNU S, to reflect its open source nature. (The GNU Project is a major collection of open source software.)





Why Use R for Your Statistical Work?







As the Cantonese say, yauh peng, yauh leng, which means “both inexpensive and beautiful.” Why use anything else?

R has a number of virtues:



	It is a public-domain implementation of the widely regarded S statistical language, and the R/S platform is a de facto standard among professional statisticians.

	It is comparable, and often superior, in power to commercial products in most of the significant senses—variety of operations available, programmability, graphics, and so on.

	It is available for the Windows, Mac, and Linux operating systems.

	In addition to providing statistical operations, R is a general-purpose programming language, so you can use it to automate analyses and create new functions that extend the existing language features.

	It incorporates features found in object-oriented and functional programming languages.

	The system saves data sets between sessions, so you don’t need to reload them each time. It saves your command history too.

	Because R is open source software, it’s easy to get help from the user community. Also, a lot of new functions are contributed by users, many of whom are prominent statisticians.





I should warn you at the outset that you typically submit commands to R by typing in a terminal window, rather than clicking a mouse in a GUI, and most R users do not use a GUI. This doesn’t mean that R doesn’t do graphics. On the contrary, it includes tools for producing graphics of great utility and beauty, but they are used for system output, such as plots, not for user input.

If you can’t live without a GUI, you can use one of the free GUIs that have been developed for R, such as the following open source or free tools:



	RStudio, http://www.rstudio.org/

	StatET, http://www.walware.de/goto/statet/

	ESS (Emacs Speaks Statistics), http://ess.r-project.org/

	R Commander: John Fox, “The R Commander: A Basic-Statistics Graphical Interface to R,” Journal of Statistical Software 14, no. 9 (2005):1–42.

	JGR (Java GUI for R), http://cran.r-project.org/web/packages/JGR/index.html





The first three, RStudio, StatET and ESS, should be considered integrated development environments (IDEs), aimed more toward programming. StatET and ESS provide the R programmer with an IDE in the famous Eclipse and Emacs settings, respectively.

On the commercial side, another IDE is available from Revolution Analytics, an R service company (http://www.revolutionanalytics.com/).

Because R is a programming language rather than a collection of discrete commands, you can combine several commands, each using the output of the previous one. (Linux users will recognize the similarity to chaining shell commands using pipes.) The ability to combine R functions gives tremendous flexibility and, if used properly, is quite powerful. As a simple example, consider this (compound) command:


nrow(subset(x03,z == 1))

First, the subset() function takes the data frame x03 and extracts all records for which the variable z has the value 1. This results in a new frame, which is then fed to the nrow() function. This function counts the number of rows in a frame. The net effect is to report a count of z = 1 in the original frame.

The terms object-oriented programming and functional programming were mentioned earlier. These topics pique the interest of computer scientists, and though they may be somewhat foreign to most other readers, they are relevant to anyone who uses R for statistical programming. The following sections provide an overview of both topics.





Object-Oriented Programming







The advantages of object orientation can be explained by example. Consider statistical regression. When you perform a regression analysis with other statistical packages, such as SAS or SPSS, you get a mountain of output on the screen. By contrast, if you call the lm() regression function in R, the function returns an object containing all the results—the estimated coefficients, their standard errors, residuals, and so on. You then pick and choose, programmatically, which parts of that object to extract.

You will see that R’s approach makes programming much easier, partly because it offers a certain uniformity of access to data. This uniformity stems from the fact that R is polymorphic, which means that a single function can be applied to different types of inputs, which the function processes in the appropriate way. Such a function is called a generic function. (If you are a C++ programmer, you have seen a similar concept in virtual functions.)

For instance, consider the plot() function. If you apply it to a list of numbers, you get a simple plot. But if you apply it to the output of a regression analysis, you get a set of plots representing various aspects of the analysis. Indeed, you can use the plot() function on just about any object produced by R. This is nice, since it means that you, as a user, have fewer commands to remember!







Functional Programming







As is typical in functional programming languages, a common theme in R programming is avoidance of explicit iteration. Instead of coding loops, you exploit R’s functional features, which let you express iterative behavior implicitly. This can lead to code that executes much more efficiently, and it can make a huge timing difference when running R on large data sets.

As you will see, the functional programming nature of the R language offers many advantages:



	Clearer, more compact code

	Potentially much faster execution speed

	Less debugging, because the code is simpler

	Easier transition to parallel programming















Whom Is This Book For?









Whom Is This Book For?







Many use R mainly in an ad hoc way—to plot a histogram here, perform a regression analysis there, and carry out other discrete tasks involving statistical operations. But this book is for those who wish to develop software in R. The programming skills of our intended readers may range anywhere from those of a professional software developer to “I took a programming course in college,” but their key goal is to write R code for specific purposes. (Statistical knowledge will generally not be needed.)

Here are some examples of people who may benefit from this book:



	Analysts employed by, say, a hospital or government agency who produce statistical reports on a regular basis and need to develop production programs for this purpose

	Academic researchers developing statistical methodology that is either new or combines existing methods into integrated procedures who need to codify this methodology so that it can be used by the general research community

	Specialists in marketing, litigation support, journalism, publishing, and so on who need to develop code to produce sophisticated graphical presentations of data

	Professional programmers with experience in software development who have been assigned by their employers to projects involving statistical analysis

	Students in statistical computing courses





Accordingly, this book is not a compendium of the myriad types of statistical methods that are available in the wonderful R package. It really is about programming and covers programming-related topics missing from most other books on R. I place a programming spin on even the basic subjects. Here are some examples of this approach in action:



	Throughout the book, you’ll find “Extended Example” sections. These usually present complete, general-purpose functions rather than isolated code fragments based on specific data. Indeed, you may find some of these functions useful for your own daily R work. By studying these examples, you learn not only how individual R constructs work but also how to put them together into a useful program. In many cases, I’ve included a discussion of design alternatives, answering the question “Why did we do it this way?”

	The material is approached with a programmer’s sensibilities in mind. For instance, in the discussion of data frames, I not only state that a data frame is an R list but also point out the programming implications of that fact. Comparisons of R to other languages are also brought in when useful, for those who happen to know other languages.

	Debugging plays a key role when programming in any language, yet it is not emphasized in most R books. In this book, I devote an entire chapter to debugging techniques, using the “extended example” approach to present fully worked-out demonstrations of how actual programs are debugged.

	Today, multicore computers are common even in the home, and graphics processing unit (GPU) programming is waging a quiet revolution in scientific computing. An increasing number of R applications involve very large amounts of computation, and parallel processing has become a major issue for R programmers. Thus, there is a chapter on this topic, which again presents not just the mechanics but also extended examples.

	There is a separate chapter on how to take advantage of the knowledge of R’s internal behavior and other facilities to speed up R code.

	A chapter discusses the interface of R to other languages, such as C and Python, again with emphasis on extended examples as well as tips on debugging.











My Own Background









My Own Background







I come to the R party through a somewhat unusual route.

After writing a dissertation in abstract probability theory, I spent the early years of my career as a statistics professor—teaching, doing research, and consulting in statistical methodology. I was one of about a dozen professors at the University of California, Davis who founded the Department of Statistics at that university.

Later I moved to the Department of Computer Science at the same institution, where I have since spent most of my career. I do research in parallel programming, web traffic, data mining, disk system performance, and various other areas. Much of my computer science teaching and research involves statistics.

Thus, I have the points of view of both a “hard-core” computer scientist and of a statistician and statistics researcher. I hope this blend enables this book to fill a gap in the literature and enhances its value for you, the reader.
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A First R Session







Let’s make a simple data set (in R parlance, a vector) consisting of the numbers 1, 2, and 4, and name it x:


> x <- c(1,2,4)

The standard assignment operator in R is <-. You can also use =, but this is discouraged, as it does not work in some special situations. Note that there are no fixed types associated with variables. Here, we’ve assigned a vector to x, but later we might assign something of a different type to it. We’ll look at vectors and the other types in Section 1.4.

The c stands for concatenate. Here, we are concatenating the numbers 1, 2, and 4. More precisely, we are concatenating three one-element vectors that consist of those numbers. This is because any number is also considered to be a one-element vector.

Now we can also do the following:


> q <- c(x,x,8)

which sets q to (1,2,4,1,2,4,8) (yes, including the duplicates).

Now let’s confirm that the data is really in x. To print the vector to the screen, simply type its name. If you type any variable name (or, more generally, any expression) while in interactive mode, R will print out the value of that variable (or expression). Programmers familiar with other languages such as Python will find this feature familiar. For our example, enter this:


> x
[1] 1 2 4

Yep, sure enough, x consists of the numbers 1, 2, and 4.

Individual elements of a vector are accessed via [ ]. Here’s how we can print out the third element of x:


> x[3]
[1] 4

As in other languages, the selector (here, 3) is called the index or subscript. Those familiar with ALGOL-family languages, such as C and C++, should note that elements of R vectors are indexed starting from 1, not 0.

Subsetting is a very important operation on vectors. Here’s an example:


> x <- c(1,2,4)
> x[2:3]
[1] 2 4

The expression x[2:3] refers to the subvector of x consisting of elements 2 through 3, which are 2 and 4 here.

We can easily find the mean and standard deviation of our data set, as follows:


> mean(x)
[1] 2.333333
> sd(x)
[1] 1.527525

This again demonstrates typing an expression at the prompt in order to print it. In the first line, our expression is the function call mean(x). The return value from that call is printed automatically, without requiring a call to R’s print() function.

If we want to save the computed mean in a variable instead of just printing it to the screen, we could execute this code:


> y <- mean(x)

Again, let’s confirm that y really does contain the mean of x:


> y
[1] 2.333333

As noted earlier, we use # to write comments, like this:


> y  # print out y
[1] 2.333333

Comments are especially valuable for documenting program code, but they are useful in interactive sessions, too, since R records the command history (as discussed in Section 1.6). If you save your session and resume it later, the comments can help you remember what you were doing.

Finally, let’s do something with one of R’s internal data sets (these are used for demos). You can get a list of these data sets by typing the following:


> data()

One of the data sets is called Nile and contains data on the flow of the Nile River. Let’s find the mean and standard deviation of this data set:


> mean(Nile)
[1] 919.35
> sd(Nile)
[1] 169.2275

We can also plot a histogram of the data:


> hist(Nile)

A window pops up with the histogram in it, as shown in Figure


Introduction to Functions









Introduction to Functions







As in most programming languages, the heart of R programming consists of writing functions. A function is a group of instructions that takes inputs, uses them to compute other values, and returns a result.

As a simple introduction, let’s define a function named oddcount(), whose purpose is to count the odd numbers in a vector of integers. Normally, we would compose the function code using a text editor and save it in a file, but in this quick-and-dirty example, we’ll enter it line by line in R’s interactive mode. We’ll then call the function on a couple of test cases.


# counts the number of odd integers in x
> oddcount <- function(x)  {
+    k <- 0  # assign 0 to k
+    for (n in x)  {
+       if (n %% 2 == 1) k <- k+1  # %% is the modulo operator
+    }
+    return(k)
+ }
> oddcount(c(1,3,5))
[1] 3
> oddcount(c(1,2,3,7,9))
[1] 4

First, we told R that we wanted to define a function named oddcount with one argument, x. The left brace demarcates the start of the body of the function. We wrote one R statement per line.

Until the body of the function is finished, R reminds you that you’re still in the definition by using + as its prompt, instead of the usual >. (Actually, + is a line-continuation character, not a prompt for a new input.) R resumes the > prompt after you finally enter a right brace to conclude the function body.

After defining the function, we evaluated two calls to oddcount(). Since there are three odd numbers in the vector (1,3,5), the call oddcount(c(1,3,5)) returns the value 3. There are four odd numbers in (1,2,3,7,9), so the second call returns 4.

Notice that the modulo operator for remainder arithmetic is %% in R, as indicated by the comment. For example, 38 divided by 7 leaves a remainder of 3:


> 38 %% 7
[1] 3

For instance, let’s see what happens with the following code:


for (n in x)  {
   if (n %% 2 == 1) k <- k+1
}

First, it sets n to x[1], and then it tests that value for being odd or even. If the value is odd, which is the case here, the count variable k is incremented. Then n is set to x[2], tested for being odd or even, and so on.

By the way, C/C++ programmers might be tempted to write the preceding loop like this:


for (i in 1:length(x)) {
   if (x[i] %% 2 == 1) k <- k+1
}

Here, length(x) is the number of elements in x. Suppose there are 25 elements. Then 1:length(x) means 1:25, which in turn means 1,2,3,...,25. This code would also work (unless x were to have length 0), but one of the major themes of R programming is to avoid loops if possible; if not, keep loops simple. Look again at our original formulation:


for (n in x)  {
   if (n %% 2 == 1) k <- k+1
}

It’s simpler and cleaner, as we do not need to resort to using the length() function and array indexing.

At the end of the code, we use the return statement:


return(k)

This has the function return the computed value of k to the code that called it. However, simply writing the following also works:


k

R functions will return the last value computed if there is no explicit return() call. However, this approach must be used with care, as we will discuss in Section 7.4.1.

In programming language terminology, x is the formal argument (or formal parameter) of the function oddcount(). In the first function call in the preceding example, c(1,3,5) is referred to as the actual argument. These terms allude to the fact that x in the function definition is just a placeholder, whereas c(1,3,5) is the value actually used in the computation. Similarly, in the second function call, c(1,2,3,7,9) is the actual argument.





Variable Scope







A variable that is visible only within a function body is said to be local to that function. In oddcount(), k and n are local variables. They disappear after the function returns:


> oddcount(c(1,2,3,7,9))
[1] 4
> n
Error: object 'n' not found

It’s very important to note that the formal parameters in an R function are local variables. Suppose we make the following function call:


> z <- c(2,6,7)
> oddcount(z)

Now suppose that the code of oddcount() changes x. Then z would not change. After the call to oddcount(), z would have the same value as before. To evaluate a function call, R copies each actual argument to the corresponding local parameter variable, and changes to that variable are not visible outside the function. Scoping rules such as these will be discussed in detail in Chapter


Preview of Some Important R Data Structures









Preview of Some Important R Data Structures







R has a variety of data structures. Here, we will sketch some of the most frequently used structures to give you an overview of R before we dive into the details. This way, you can at least get started with some meaningful examples, even if the full story behind them must wait.





Vectors, the R Workhorse







The vector type is really the heart of R. It’s hard to imagine R code, or even an interactive R session, that doesn’t involve vectors.

The elements of a vector must all have the same mode, or data type. You can have a vector consisting of three character strings (of mode character) or three integer elements (of mode integer), but not a vector with one integer element and two character string elements. We’ll talk more about vectors in Chapter
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Extended Example: Regression Analysis of Exam Grades







For our next example, we’ll walk through a brief statistical regression analysis. There isn’t much actual programming in this example, but it illustrates how some of the data types we just discussed are used, including R’s S3 objects. Also, it will serve as the basis for several of our programming examples in subsequent chapters.

I have a file, ExamsQuiz.txt, containing grades from a class I taught. Here are its first few lines:


2    3.3   4
3.3  2     3.7
4    4.3   4
2.3  0     3.3
...

The numbers correspond to letter grades on a four-point scale; 3.3 is a B+, for instance. Each line contains the data for one student, consisting of the midterm examination grade, final examination grade, and average quiz grade. It might be interesting to see how well the midterm and quiz grades predict the student’s grade on the final examination.

Let’s first read in the data file:


> examsquiz <- read.table("ExamsQuiz.txt",header=FALSE)

Our file does not include a header line naming the variables in each student record, so we specified header=FALSE in the function call. This is an example of a default argument, which we talked about earlier. Actually, the default value of the header argument is FALSE already (which you can check by consulting R’s online help for read.table()), so we didn’t need to specify this setting, but it’s clearer if we do.

Our data is now in examsquiz, which is an R object of class data.frame.


> class(examsquiz)
[1] "data.frame"

Just to check that the file was read in correctly, let’s take a look at the first few rows:


> head(examsquiz)
   V1  V2  V3
1 2.0 3.3 4.0
2 3.3 2.0 3.7
3 4.0 4.3 4.0
4 2.3 0.0 3.3
5 2.3 1.0 3.3
6 3.3 3.7 4.0

Lacking a header for the data, R named the columns V1, V2, and V3. Row numbers appear on the left. As you might be thinking, it would be better to have a header in our data file, with meaningful names like Exam1. In later examples, we will usually specify names.

Let’s try to predict the exam 2 score (given in the second column of examsquiz) from exam 1 (first column):


lma <- lm(examsquiz[,2] ˜ examsquiz[,1])

The lm() (for linear model) function call here instructs R to fit this prediction equation:



	predicted Exam 2 = β0 + β1 Exam 1




Here, β0 and β1 are constants to be estimated from our data. In other words, we are fitting a straight line to the (exam 1, exam 2) pairs in our data. This is done through a classic least-squares method. (Don’t worry if you don’t have background in this.)

Note that the exam 1 scores, which are stored in the first column of our data frame, are collectively referred to as examsquiz[,1]. Omission of the first subscript (the row number) means that we are referring to an entire column of the frame. The exam 2 scores are similarly referenced. So, our call to lm() above predicts the second column of examsquiz from the first.

We also could have written


lma <- lm(examsquiz$V2 ˜ examsquiz$V1)

recalling that a data frame is just a list whose elements are vectors. Here, the columns are the V1, V2, and V3 components of the list.

The results returned by lm() are now in an object that we’ve stored in the variable lma. It is an instance of the class lm. We can list its components by calling attributes():


> attributes(lma)
$names
 [1] "coefficients"  "residuals"     "effects"       "rank"
 [5] "fitted.values" "assign"        "qr"            "df.residual"
 [9] "xlevels"       "call"          "terms"         "model"

$class
[1] "lm"

As usual, a more detailed accounting can be obtained via the call str(lma). The estimated values of βi are stored in lma$coefficients. You can display them by typing the name at the prompt.

You can also save some typing by abbreviating component names, as long as you don’t shorten a component’s name to the point of being ambiguous. For example, if a list consists of the components xyz, xywa, and xbcde, then the second and third components can be abbreviated to xyw and xb, respectively. So here we could type the following:


> lma$coef
   (Intercept) examsquiz[, 1]
     1.1205209      0.5899803

Since lma$coefficients is a vector, printing it is simple. But consider what happens when you print the object lma itself:


> lma

Call:
lm(formula = examsquiz[, 2] ˜ examsquiz[, 1])

Coefficients:
   (Intercept)  examsquiz[, 1]
         1.121           0.590

Why did R print only these items and not the other components of lma? The answer is that here R is using the print() function, which is another example of generic functions. As a generic function, print() actually hands off the work to another function whose job is to print objects of class lm—the print.lm() function—and this is what that function displays.

We can get a more detailed printout of the contents of lma by calling summary(), the generic function discussed earlier. It triggers a call to summary.lm() behind the scenes, and we get a regression-specific summary:


> summary(lma)

Call:
lm(formula = examsquiz[, 2] ˜ examsquiz[, 1])

Residuals:
    Min      1Q  Median      3Q     Max
−3.4804 −0.1239  0.3426  0.7261  1.2225

Coefficients:
               Estimate Std. Error t value Pr(>|t|)
(Intercept)      1.1205     0.6375   1.758  0.08709 .
examsquiz[, 1]   0.5900     0.2030   2.907  0.00614 **
...

A number of other generic functions are defined for this class. See the online help for lm() for details. (Using R’s online documentation is discussed in Section 1.7.)

To estimate a prediction equation for exam 2 from both the exam 1 and the quiz scores, we would use the + notation:


> lmb <- lm(examsquiz[,2] ˜ examsquiz[,1] + examsquiz[,3])

Note that the + doesn’t mean that we compute the sum of the two quantities. It is merely a delimiter in our list of predictor variables.
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Startup and Shutdown







Like that of many sophisticated software applications, R’s behavior can be customized using startup files. In addition, R can save all or part of a session, such as a record of what you did, to an output file. If there are R commands that you would like to execute at the beginning of every R session, you can place them in a file called .Rprofile located either in your home directory or in the directory from which you are running R. The latter directory is searched for this file first, which allows you to have custom profiles for particular projects.

For example, to set the text editor that R invokes if you call edit(), you can use a line in .Rprofile like this (if you’re on a Linux system):


options(editor="/usr/bin/vim")

R’s options() function is used for configuration, that is, to tweak various settings. You can specify the full path to your own editor, using the notation (slashes or backslashes) appropriate to your operating system.

As another example, in .Rprofile on my Linux machine at home, I have the following line:


.libPaths("/home/nm/R")

This automatically adds a directory that contains all my auxiliary packages to my R search path.

Like most programs, R has the notion of your current working directory. Upon startup, this will be the directory from which you launched R, if you’re using Linux or a Mac. In Windows, it will probably be your Documents folder. If you then reference files during your R session, they will be assumed to be in that directory. You can always check your current directory by typing the following:


> getwd()

You can change your working directory by calling setwd() with the desired directory as a quoted argument. For example,


> setwd("q")

would set the working directory to q.

As you proceed through an interactive R session, R records the commands you submit. If you answer yes to the question “Save workspace image?” when you quit, R will save all the objects you created in that session and restore them in your next session. This means you do not need to redo the work from scratch to continue where you left off.

The saved workspace is in a file named .Rdata, which is located either in the directory from which you invoked the R session (Linux) or in the R installation directory (Windows). You can consult the .Rhistory file, which records your commands, to remind yourself how that workspace was created.

If you want speedier startup/shutdown, you can skip loading all those files and the saving of your session at the end by running R with the vanilla option:


R --vanilla

Other options fall between vanilla and “load everything.” You can find more information about startup files by querying R’s online help facility, as follows:


> ?Startup
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Getting Help







A plethora of resources are available to help you learn more about R. These include several facilities within R itself and, of course, on the Web.

Much work has gone into making R self-documenting. We’ll look at some of R’s built-in help facilities and then at those available on the Internet.





The help() Function







To get online help, invoke help(). For example, to get information on the seq() function, type this:


> help(seq)

The shortcut to help() is a question mark (?):


> ?seq

Special characters and some reserved words must be quoted when used with the help() function. For instance, you need to type the following to get help on the < operator:


> ?"<"

And to see what the online manual has to say about for loops, enter this:


> ?"for"






The example() Function







Each of the help entries comes with examples. One really nice feature of R is that the example() function will actually run those examples for you. Here’s an illustration:


> example(seq)

seq> seq(0, 1, length.out=11)
 [1] 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

seq> seq(stats::rnorm(20))
 [1]  1  2  3  4  5  6  7  8  9 10 11 12 13 14 15 16 17 18 19 20

seq> seq(1, 9, by = 2) # match
[1] 1 3 5 7 9

seq> seq(1, 9, by = pi)# stay below
[1] 1.000000 4.141593 7.283185

seq> seq(1, 6, by = 3)
[1] 1 4

seq> seq(1.575, 5.125, by=0.05)
 [1] 1.575 1.625 1.675 1.725 1.775 1.825 1.875 1.925 1.975 2.025 2.075 2.125
[13] 2.175 2.225 2.275 2.325 2.375 2.425 2.475 2.525 2.575 2.625 2.675 2.725
[25] 2.775 2.825 2.875 2.925 2.975 3.025 3.075 3.125 3.175 3.225 3.275 3.325
[37] 3.375 3.425 3.475 3.525 3.575 3.625 3.675 3.725 3.775 3.825 3.875 3.925
[49] 3.975 4.025 4.075 4.125 4.175 4.225 4.275 4.325 4.375 4.425 4.475 4.525
[61] 4.575 4.625 4.675 4.725 4.775 4.825 4.875 4.925 4.975 5.025 5.075 5.125

seq> seq(17) # same as 1:17
 [1]  1  2  3  4  5  6  7  8  9 10 11 12 13 14 15 16 17

The seq() function generates various kinds of numeric sequences in arithmetic progression. Running example(seq) resulted in R’s running some examples of seq() before our very eyes.

Imagine how useful this can be for graphics! If you are interested in seeing what one of R’s excellent graphics functions does, the example() function will give you a “graphic” illustration.

To see a quick and very nice example, try running the following command:


> example(persp)

This displays a series of sample graphs for the persp() function. One of these is shown in Figure
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Declarations







Typically, compiled languages require that you declare variables; that is, warn the interpreter/compiler of the variables’ existence before using them. This is the case in our earlier C example:


int x;
int y[3];

As with most scripting languages (such as Python and Perl), you do not declare variables in R. For instance, consider this code:


z <- 3

This code, with no previous reference to z, is perfectly legal (and commonplace).

However, if you reference specific elements of a vector, you must warn R. For instance, say we wish y to be a two-component vector with values 5 and 12. The following will not work:


> y[1] <- 5
> y[2] <- 12

Instead, you must create y first, for instance this way:


> y <- vector(length=2)
> y[1] <- 5
> y[2] <- 12

The following will also work:


> y <- c(5,12)

This approach is all right because on the right-hand side we are creating a new vector, to which we then bind y.

The reason we cannot suddenly spring an expression like y[2] on R stems from R’s functional language nature. The reading and writing of individual vector elements are actually handled by functions. If R doesn’t already know that y is a vector, these functions have nothing on which to act.

Speaking of binding, just as variables are not declared, they are not constrained in terms of mode. The following sequence of events is perfectly valid:


> x <- c(1,5)
> x
[1] 1 5
> x <- "abc"

First, x is associated with a numeric vector, then with a string. (Again, for C/C++ programmers: x is nothing more than a pointer, which can point to different types of objects at different times.)
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Recycling







When applying an operation to two vectors that requires them to be the same length, R automatically recycles, or repeats, the shorter one, until it is long enough to match the longer one. Here is an example:


> c(1,2,4) + c(6,0,9,20,22)
[1]  7  2 13 21 24
Warning message:
longer object length
  is not a multiple of shorter object length in: c(1, 2, 4) + c(6,
  0, 9, 20, 22)

The shorter vector was recycled, so the operation was taken to be as follows:


> c(1,2,4,1,2) + c(6,0,9,20,22)

Here’s a more subtle example:


> x
  [,1] [,2]
[1,]    1    4
[2,]    2    5
[3,]    3    6
> x+c(1,2)
  [,1] [,2]
[1,]    2    6
[2,]    4    6
[3,]    4    8

Again, keep in mind that matrices are actually long vectors. Here, x, as a 3-by-2 matrix, is also a six-element vector, which in R is stored column by column. In other words, in terms of storage, x is the same as c(1,2,3,4,5,6). We added a two-element vector to this six-element one, so our added vector needed to be repeated twice to make six elements. In other words, we were essentially doing this:


x + c(1,2,1,2,1,2)

Not only that, but c(1,2,1,2,1,2) was also changed from a vector to a matrix having the same shape as x before the addition took place:


1 2
2 1
1 2

Thus, the net result was to compute the following:


[image: Recycling]
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Now let’s look at some common operations related to vectors. We’ll cover arithmetic and logical operations, vector indexing, and some useful ways to create vectors. Then we’ll look at two extended examples of using these operations.





Vector Arithmetic and Logical Operations







Remember that R is a functional language. Every operator, including + in the following example, is actually a function.


> 2+3
[1] 5
> "+"(2,3)
[1] 5

Recall further that scalars are actually one-element vectors. So, we can add vectors, and the + operation will be applied element-wise.


> x <- c(1,2,4)
> x + c(5,0,-1)
[1] 6 2 3

If you are familiar with linear algebra, you may be surprised at what happens when we multiply two vectors.


> x * c(5,0,-1)
[1]  5  0 −4

But remember, because of the way the * function is applied, the multiplication is done element by element. The first element of the product (5) is the result of the first element of x (1) being multiplied by the first element of c(5,0,1) (5), and so on.

The same principle applies to other numeric operators. Here’s an example:


> x <- c(1,2,4)
> x / c(5,4,−1)
[1]  0.2  0.5 −4.0
> x %% c(5,4,−1)
[1] 1 2 0






Vector Indexing







One of the most important and frequently used operations in R is that of indexing vectors, in which we form a subvector by picking elements of the given vector for specific indices. The format is vector1[vector2], with the result that we select those elements of vector1 whose indices are given in vector2.


> y <- c(1.2,3.9,0.4,0.12)
> y[c(1,3)]  # extract elements 1 and 3 of y
[1] 1.2 0.4
> y[2:3]
[1] 3.9 0.4
> v <- 3:4
> y[v]
[1] 0.40 0.12

Note that duplicates are allowed.


> x <- c(4,2,17,5)
> y <- x[c(1,1,3)]
> y
[1]  4  4 17

Negative subscripts mean that we want to exclude the given elements in our output.


> z <- c(5,12,13)
> z[-1]  # exclude element 1
[1] 12 13
> z[-1:-2]  # exclude elements 1 through 2
[1] 13

In such contexts, it is often useful to use the length() function. For instance, suppose we wish to pick up all elements of a vector z except for the last. The following code will do just that:


> z <- c(5,12,13)
> z[1:(length(z)-1)]
[1]  5 12

Or more simply:


> z[-length(z)]
[1]  5 12

This is more general than using z[1:2]. Our program may need to work for more than just vectors of length 2, and the second approach would give us that generality.







Generating Useful Vectors with the : Operator







There are a few R operators that are especially useful for creating vectors. Let’s start with the colon operator :, which was introduced in Chapter
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Using all() and any()







The any() and all() functions are handy shortcuts. They report whether any or all of their arguments are TRUE.


> x <- 1:10
> any(x > 8)
[1] TRUE
> any(x > 88)
[1] FALSE
> all(x > 88)
[1] FALSE
> all(x > 0)
[1] TRUE

For example, suppose that R executes the following:


> any(x > 8)

It first evaluates x > 8, yielding this:


(FALSE,FALSE,FALSE,FALSE,FALSE,FALSE,FALSE,FALSE,TRUE,TRUE)

The any() function then reports whether any of those values is TRUE. The all() function works similarly and reports if all of the values are TRUE.





Extended Example: Finding Runs of Consecutive Ones







Suppose that we are interested in finding runs of consecutive 1s in vectors that consist just of 1s and 0s. In the vector (1,0,0,1,1,1,0,1,1), for instance, there is a run of length 3 starting at index 4, and runs of length 2 beginning at indices 4, 5, and 8. So the call findruns(c(1,0,0,1,1,1,0,1,1),2) to our function to be shown below returns (4,5,8). Here is the code:


1    findruns <- function(x,k) {
2       n <- length(x)
3       runs <- NULL
4       for (i in 1:(n-k+1)) {
5          if (all(x[i:(i+k-1)]==1)) runs <- c(runs,i)
6       }
7       return(runs)
8    }

In line 5, we need to determine whether all of the k values starting at x[i]—that is, all of the values in x[i],x[i+1],...,x[i+k-1]—are 1s. The expression x[i:(i+k-1)] gives us this range in x, and then applying all() tells us whether there is a run there.

Let’s test it.


> y <- c(1,0,0,1,1,1,0,1,1)
> findruns(y,3)
[1] 4
> findruns(y,2)
[1] 4 5 8
> findruns(y,6)
NULL

Although the use of all() is good in the preceding code, the buildup of the vector runs is not so good. Vector allocation is time consuming. Each execution of the following slows down our code, as it allocates a new vector in the call c(runs,i). (The fact that new vector is assigned to runs is irrelevant; we still have done a vector memory space allocation.)


runs <- c(runs,i)

In a short loop, this probably will be no problem, but when application performance is an issue, there are better ways.

One alternative is to preallocate the memory space, like this:


1    findruns1 <- function(x,k) {
2       n <- length(x)
3       runs <- vector(length=n)
4       count <- 0
5       for (i in 1:(n-k+1)) {
6          if (all(x[i:(i+k-1)]==1)) {
7             count <- count + 1
8             runs[count] <- i
9          }
10      }
11      if (count > 0) {
12         runs <- runs[1:count]
13      } else runs <- NULL
14      return(runs)
15    }

In line 3, we set up space of a vector of length n. This means we avoid new allocations during execution of the loop. We merely fill runs, in line 8. Just before exiting the function, we redefine runs in line 12 to remove the unused portion of the vector.

This is better, as we’ve reduced the number of memory allocations to just two, down from possibly many in the first version of the code.

If we really need the speed, we might consider recoding this in C, as discussed in Chapter
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Vectorized Operations







Suppose we have a function f() that we wish to apply to all elements of a vector x. In many cases, we can accomplish this by simply calling f() on x itself. This can really simplify our code and, moreover, give us a dramatic performance increase of hundredsfold or more.

One of the most effective ways to achieve speed in R code is to use operations that are vectorized, meaning that a function applied to a vector is actually applied individually to each element.





Vector In, Vector Out







You saw examples of vectorized functions earlier in the chapter, with the + and * operators. Another example is >.


> u <- c(5,2,8)
> v <- c(1,3,9)
> u > v
[1]  TRUE FALSE FALSE

Here, the > function was applied to u[1] and v[1], resulting in TRUE, then to u[2] and v[2], resulting in FALSE, and so on.

A key point is that if an R function uses vectorized operations, it, too, is vectorized, thus enabling a potential speedup. Here is an example:


> w <- function(x) return(x+1)
> w(u)
[1] 6 3 9

Here, w() uses +, which is vectorized, so w() is vectorized as well. As you can see, there is an unlimited number of vectorized functions, as complex ones are built up from simpler ones.

Note that even the transcendental functions—square roots, logs, trig functions, and so on—are vectorized.


> sqrt(1:9)
[1] 1.000000 1.414214 1.732051 2.000000 2.236068 2.449490 2.645751 2.828427
[9] 3.000000

This applies to many other built-in R functions. For instance, let’s apply the function for rounding to the nearest integer to an example vector y:


> y <- c(1.2,3.9,0.4)
> z <- round(y)
> z
[1] 1 4 0

The point is that the round() function is applied individually to each element in the vector y. And remember that scalars are really single-element vectors, so the “ordinary” use of round() on just one number is merely a special case.


> round(1.2)
[1] 1

Here, we used the built-in function round(), but you can do the same thing with functions that you write yourself.

As mentioned earlier, even operators such as + are really functions. For example, consider this code:


> y <- c(12,5,13)
> y+4
[1] 16  9 17

The reason element-wise addition of 4 works here is that the + is actually a function! Here it is explicitly:


> '+'(y,4)
[1] 16  9 17

Note, too, that recycling played a key role here, with the 4 recycled into (4,4,4).

Since we know that R has no scalars, let’s consider vectorized functions that appear to have scalar arguments.


> f
function(x,c) return((x+c)^2)
> f(1:3,0)
[1] 1 4 9
> f(1:3,1)
[1]  4  9 16

In our definition of f() here, we clearly intend c to be a scalar, but, of course, it is actually a vector of length 1. Even if we use a single number for c in our call to f(), it will be extended through recycling to a vector for our computation of x+c within f(). So in our call f(1:3,1) in the example, the quantity x+c becomes as follows:


[image: Vector In, Vector Out]



This brings up a question of code safety. There is nothing in f() that keeps us from using an explicit vector for c, such as in this example:


> f(1:3,1:3)
[1]  4 16 36

You should work through the computation to confirm that (4,16,36) is indeed the expected output.

If you really want to restrict c to scalars, you should insert some kind of check, say this one:


> f
function(x,c) {
if (length(c) != 1) stop("vector c not allowed")
   return((x+c)^2)
}






Vector In, Matrix Out







The vectorized functions we’ve been working with so far have scalar return values. Calling sqrt() on a number gives us a number. If we apply this function to an eight-element vector, we get eight numbers, thus another eight-element vector, as output.

But what if our function itself is vector-valued, as z12() is here:


z12 <- function(z) return(c(z,z^2))

Applying z12() to 5, say, gives us the two-element vector (5,25). If we apply this function to an eight-element vector, it produces 16 numbers:


x <- 1:8
> z12(x)
 [1]  1  2  3  4  5  6  7  8  1  4  9 16 25 36 49 64

It might be more natural to have these arranged as an 8-by-2 matrix, which we can do with the matrix function:


> matrix(z12(x),ncol=2)
     [,1] [,2]
[1,]    1    1
[2,]    2    4
[3,]    3    9
[4,]    4   16
[5,]    5   25
[6,]    6   36
[7,]    7   49
[8,]    8   64

But we can streamline things using sapply() (or simplify apply). The call sapply(x,f) applies the function f() to each element of x and then converts the result to a matrix. Here is an example:


> z12 <- function(z) return(c(z,z^2))
> sapply(1:8,z12)
     [,1] [,2] [,3] [,4] [,5] [,6] [,7] [,8]
[1,]    1    2    3    4    5    6    7    8
[2,]    1    4    9   16   25   36   49   64

We do get a 2-by-8 matrix, not an 8-by-2 one, but it’s just as useful this way. We’ll discuss sapply() further in Chapter


NA and NULL Values









NA and NULL Values







Readers with a background in other scripting languages may be aware of “no such animal” values, such as None in Python and undefined in Perl. R actually has two such values: NA and NULL.

In statistical data sets, we often encounter missing data, which we represent in R with the value NA. NULL, on the other hand, represents that the value in question simply doesn’t exist, rather than being existent but unknown. Let’s see how this comes into play in concrete terms.





Using NA







In many of R’s statistical functions, we can instruct the function to skip over any missing values, or NAs. Here is an example:


> x <- c(88,NA,12,168,13)
> x
[1]  88  NA  12 168  13
> mean(x)
[1] NA
> mean(x,na.rm=T)
[1] 70.25
> x <- c(88,NULL,12,168,13)
> mean(x)
[1] 70.25

In the first call, mean() refused to calculate, as one value in x was NA. But by setting the optional argument na.rm (NA remove) to true (T), we calculated the mean of the remaining elements. But R automatically skipped over the NULL value, which we’ll look at in the next section.

There are multiple NA values, one for each mode:


> x <- c(5,NA,12)
> mode(x[1])
[1] "numeric"
> mode(x[2])
[1] "numeric"
> y <- c("abc","def",NA)
> mode(y[2])
[1] "character"
> mode(y[3])
[1] "character"






Using NULL







One use of NULL is to build up vectors in loops, in which each iteration adds another element to the vector. In this simple example, we build up a vector of even numbers:


# build up a vector of the even numbers in 1:10
> z <- NULL
> for (i in 1:10) if (i %%2 == 0) z <- c(z,i)
> z
[1]  2  4  6  8 10

Recall from Chapter
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Filtering







Another feature reflecting the functional language nature of R is filtering. This allows us to extract a vector’s elements that satisfy certain conditions. Filtering is one of the most common operations in R, as statistical analyses often focus on data that satisfies conditions of interest.





Generating Filtering Indices







Let’s start with a simple example:


> z <- c(5,2,-3,8)
> w <- z[z*z > 8]
> w
[1] 5  −3  8

Looking at this code in an intuitive, “What is our intent?” manner, we see that we asked R to extract from z all its elements whose squares were greater than 8 and then assign that subvector to w.

But filtering is such a key operation in R that it’s worthwhile to examine the technical details of how R achieves our intent above. Let’s look at it done piece by piece:


> z <- c(5,2,-3,8)
> z
[1]  5  2 −3  8
> z*z > 8
[1]  TRUE FALSE  TRUE  TRUE

Evaluation of the expression z*z > 8 gives us a vector of Boolean values! It’s very important that you understand exactly how this comes about.

First, in the expression z*z > 8, note that everything is a vector or vector operator:



	Since z is a vector, that means z*z will also be a vector (of the same length as z).

	Due to recycling, the number 8 (or vector of length 1) becomes the vector (8,8,8,8) here.

	The operator >, like +, is actually a function.





Let’s look at an example of that last point:


> ">"(2,1)
[1] TRUE
> ">"(2,5)
[1] FALSE

Thus, the following:


z*z > 8

is really this:


">"(z*z,8)

In other words, we are applying a function to vectors—yet another case of vectorization, no different from the others you’ve seen. And thus the result is a vector—in this case, a vector of Booleans. Then the resulting Boolean values are used to cull out the desired elements of z:


> z[c(TRUE,FALSE,TRUE,TRUE)]
[1]  5 −3  8

This next example will place things into even sharper focus. Here, we will again define our extraction condition in terms of z, but then we will use the results to extract from another vector, y, instead of extracting from z:


> z <- c(5,2,-3,8)
> j <- z*z > 8
> j
[1]  TRUE FALSE  TRUE  TRUE
> y <- c(1,2,30,5)
> y[j]
[1]  1 30  5

Or, more compactly, we could write the following:


> z <- c(5,2,-3,8)
> y <- c(1,2,30,5)
> y[z*z > 8]
[1]  1 30  5

Again, the point is that in this example, we are using one vector, z, to determine indices to use in filtering another vector, y. In contrast, our earlier example used z to filter itself.

Here’s another example, this one involving assignment. Say we have a vector x in which we wish to replace all elements larger than a 3 with a 0. We can do that very compactly—in fact, in just one line:


> x[x > 3] <- 0

Let’s check:


> x <- c(1,3,8,2,20)
> x[x > 3] <- 0
> x
[1] 1 3 0 2 0






Filtering with the subset() Function







Filtering can also be done with the subset() function. When applied to vectors, the difference between using this function and ordinary filtering lies in the manner in which NA values are handled.


> x <- c(6,1:3,NA,12)
> x
[1]  6  1  2  3 NA 12
> x[x > 5]
[1]  6 NA 12
> subset(x,x > 5)
[1]  6 12

When we did ordinary filtering in the previous section, R basically said, “Well, x[5] is unknown, so it’s also unknown whether its square is greater than 5.” But you may not want NAs in your results. When you wish to exclude NA values, using subset() saves you the trouble of removing the NA values yourself.







The Selection Function which()







As you’ve seen, filtering consists of extracting elements of a vector z that satisfy a certain condition. In some cases, though, we may just want to find the positions within z at which the condition occurs. We can do this using which(), as follows:


> z <- c(5,2,-3,8)
> which(z*z > 8)
[1] 1 3 4

The result says that elements 1, 3, and 4 of z have squares greater than 8.

As with filtering, it is important to understand exactly what occurred in the preceding code. The expression


z*z > 8

is evaluated to (TRUE,FALSE,TRUE,TRUE). The which() function then simply reports which elements of the latter expression are TRUE.

One handy (though somewhat wasteful) use of which() is for determining the location within a vector at which the first occurrence of some condition holds. For example, recall our code in Obtaining the Length of a Vector to find the first 1 value within a vector x:


first1 <- function(x) {
   for (i in 1:length(x)) {
      if (x[i] == 1) break  # break out of loop
   }
   return(i)
}

Here is an alternative way of coding this task:


first1a <- function(x) return(which(x == 1)[1])

The call to which() yields the indices of the 1s in x. These indices will be given in the form of a vector, and we ask for element index 1 in that vector, which is the index of the first 1.

That is much more compact. On the other hand, it’s wasteful, as it actually finds all instances of 1s in x, when we need only the first. So, although it is a vectorized approach and thus possibly faster, if the first 1 comes early in x, this approach may actually be slower.









A Vectorized if-then-else: The ifelse() Function









A Vectorized if-then-else: The ifelse() Function







In addition to the usual if-then-else construct found in most languages, R also includes a vectorized version, the ifelse() function. The form is as follows:


ifelse(b,u,v)

where b is a Boolean vector, and u and v are vectors.

The return value is itself a vector; element i is u[i] if b[i] is true, or v[i] if b[i] is false. The concept is pretty abstract, so let’s go right to an example:


> x <- 1:10
> y <- ifelse(x %% 2 == 0,5,12)  # %% is the mod operator
> y
 [1] 12  5 12  5 12  5 12  5 12  5

Here, we wish to produce a vector in which there is a 5 wherever x is even or a 12 wherever x is odd. So, the actual argument corresponding to the formal argument b is (F,T,F,T,F,T,F,T,F,T). The second actual argument, 5, corresponding to u, is treated as (5,5,...)(ten 5s) by recycling. The third argument, 12, is also recycled, to (12,12,...).

Here is another example:


> x <- c(5,2,9,12)
> ifelse(x > 6,2*x,3*x)
[1] 15  6 18 24

We return a vector consisting of the elements of x, either multiplied by 2 or 3, depending on whether the element is greater than 6.

Again, it helps to think through what is really occurring here. The expression x > 6 is a vector of Booleans. If the ith component is true, then the ith element of the return value will be set to the ith element of 2*x; otherwise, it will be set to 3*x[i], and so on.

The advantage of ifelse() over the standard if-then-else construct is that it is vectorized, thus potentially much faster.





Extended Example: A Measure of Association







In assessing the statistical relation of two variables, there are many alternatives to the standard correlation measure (Pearson product-moment correlation). Some readers may have heard of the Spearman rank correlation, for example. These alternative measures have various motivations, such as robustness to outliers, which are extreme and possibly erroneous data items.

Here, let’s propose a new such measure, not necessarily for novel statistical merits (actually it is related to one in broad use, Kendall’s τ), but to illustrate some of the R programming techniques introduced in this chapter, especially ifelse().

Consider vectors x and y, which are time series, say for measurements of air temperature and pressure collected once each hour. We’ll define our measure of association between them to be the fraction of the time x and y increase or decrease together—that is, the proportion of i for which y[i+1]-y[i] has the same sign as x[i+1]-x[i]. Here is the code:


1    # findud() converts vector v to 1s, 0s, representing an element
2    # increasing or not, relative to the previous one; output length is 1
3    # less than input
4    findud <- function(v) {
5       vud <- v[-1] - v[-length(v)]
6       return(ifelse(vud > 0,1,-1))
7    }
8
9    udcorr <- function(x,y) {
10      ud <- lapply(list(x,y),findud)
11      return(mean(ud[[1]] == ud[[2]]))
12    }

Here’s an example:


> x
 [1]  5 12 13  3  6  0  1 15 16  8 88
> y
 [1]  4  2  3 23  6 10 11 12  6  3  2
> udcorr(x,y)
[1] 0.4

In this example, x and y increased together in 3 of the 10 opportunities (the first time being the increases from 12 to 13 and 2 to 3) and decreased together once. That gives an association measure of 4/10 = 0.4.

Let’s see how this works. The first order of business is to recode x and y to sequences of 1s and −1s, with a value of 1 meaning an increase of the current observation over the last. We’ve done that in lines 5 and 6.

For example, think what happens in line 5 when we call findud() with v having a length of, say, 16 elements. Then v[-1] will be a vector of 15 elements, starting with the second element in v. Similarly, v[-length(v)] will again be a vector of 15 elements, this time starting from the first element in v. The result is that we are subtracting the original series from the series obtained by shifting rightward by one time period. The difference gives us the sequence of increase/decrease statuses for each time period—exactly what we need.

We then need to change those differences to 1 and −1s, according to whether a difference is positive or negative. The ifelse() call does this easily, compactly, and with smaller execution time than a loop version of the code would have.

We could have then written two calls to findud(): one for x and the other for y. But by putting x and y into a list and then using lapply(), we can do this without duplicating code. If we were applying the same operation to many vectors instead of only two, especially in the case of a variable number of vectors, using lapply() like this would be a big help in compacting and clarifying the code, and it might be slightly faster as well.

We then find the fraction of matches, as follows:


return(mean(ud[[1]] == ud[[2]]))

Note that lapply() returns a list. The components are our 1/−1–coded vectors. The expression ud[[1]] == ud[[2]] returns a vector of TRUE and FALSE values, which are treated as 1 and 0 values by mean(). That gives us the desired fraction.

A more advanced version would make use of R’s diff() function, which does lag operations for vectors. We might, for instance, compare each element with the element three spots behind it, termed a lag of 3. The default lag value is one time period, just what we need here.


> u
[1] 1 6 7 2 3 5
> diff(u)
[1]  5  1 −5  1  2

Then line 5 in the preceding example would become this:


vud <- diff(d)

We can make the code really compact by using another advanced R function, sign(), which converts the numbers in its argument vector to 1, 0, or −1, depending on whether they are positive, zero, or negative. Here is an example:


> u
[1] 1 6 7 2 3 5
> diff(u)
[1]  5  1 −5  1  2
> sign(diff(u))
[1]  1  1 −1  1  1

Using sign() then allows us to turn this udcorr()function into a one-liner, as follows:


> udcorr <- function(x,y) mean(sign(diff(x)) == sign(diff(y)))

This is certainly a lot shorter than the original version. But is it better? For most people, it probably would take longer to write. And although the code is short, it is arguably harder to understand.

All R programmers must find their own “happy medium” in trading brevity for clarity.







Extended Example: Recoding an Abalone Data Set







Due to the vector nature of the arguments, you can nest ifelse() operations. In the following example, which involves an abalone data set, gender is coded as M, F, or I (for infant). We wish to recode those characters as 1, 2, or 3. The real data set consists of more than 4,000 observations, but for our example, we’ll say we have just a few, stored in g:


> g
[1] "M" "F" "F" "I" "M" "M" "F"
> ifelse(g == "M",1,ifelse(g == "F",2,3))
[1] 1 2 2 3 1 1 2

What actually happens in that nested ifelse()? Let’s take a careful look. First, for the sake of concreteness, let’s find what the formal argument names are in the function ifelse():


> args(ifelse)
function (test, yes, no)
NULL

Remember, for each element of test that is true, the function evaluates to the corresponding element in yes. Similarly, if test[i] is false, the function evaluates to no[i]. All values so generated are returned together in a vector.

In our case here, R will execute the outer ifelse() call first, in which test is g == "M", and yes is 1 (recycled); no will (later) be the result of executing ifelse(g=="F",2,3). Now since test[1] is true, we generate yes[1], which is 1. So, the first element of the return value of our outer call will be 1.

Next R will evaluate test[2]. That is false, so R needs to find no[2]. R now needs to execute the inner ifelse() call. It hasn’t done so before, because it hasn’t needed it until now. R uses the principle of lazy evaluation, meaning that an expression is not computed until it is needed.

R will now evaluate ifelse(g=="F",2,3), yielding (3,2,2,3,3,3,2); this is no for the outer ifelse() call, so the latter’s second return element will be the second element of (3,2,2,3,3,3,2), which is 2.

When the outer ifelse() call gets to test[4], it will see that value to be false and thus will return no[4]. Since R had already computed no, it has the value needed, which is 3.

Remember that the vectors involved could be columns in matrices, which is a very common scenario. Say our abalone data is stored in the matrix ab, with gender in the first column. Then if we wish to recode as in the preceding example, we could do it this way:


> ab[,1] <- ifelse(ab[,1] == "M",1,ifelse(ab[,1] == "F",2,3))

Suppose we wish to form subgroups according to gender. We could use which() to find the element numbers corresponding to M, F, and I:


> m <- which(g == "M")
> f <- which(g == "F")
> i <- which(g == "I")
> m
[1] 1 5 6
> f
[1] 2 3 7
> i
[1] 4

Going one step further, we could save these groups in a list, like this:


> grps <- list()
> for (gen in c("M","F","I")) grps[[gen]] <- which(g==gen)
> grps
$M
[1] 1 5 6

$F
[1] 2 3 7

$I
[1] 4

Note that we take advantage of the fact that R’s for() loop has the ability to loop through a vector of strings. (You’ll see a more efficient approach in Section 4.4.)

We might use our recoded data to draw some graphs, exploring the various variables in the abalone data set. Let’s summarize the nature of the variables by adding the following header to the file:


Gender,Length,Diameter,Height,WholeWt,ShuckedWt,ViscWt,ShellWt,Rings

We could, for instance, plot diameter versus length, with a separate plot for males and females, using the following code:


aba <- read.csv("abalone.data",header=T,as.is=T)
grps <- list()
for (gen in c("M","F")) grps[[gen]] <- which(aba==gen)
abam <- aba[grps$M,]
abaf <- aba[grps$F,]
plot(abam$Length,abam$Diameter)
plot(abaf$Length,abaf$Diameter,pch="x",new=FALSE)

First, we read in the data set, assigning it to the variable aba (to remind us that it’s abalone data). The call to read.csv() is similar to the read.table() call we used in Chapter
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Testing Vector Equality







Suppose we wish to test whether two vectors are equal. The naive approach, using ==, won’t work.


> x <- 1:3
> y <- c(1,3,4)
> x == y
[1]  TRUE FALSE FALSE

What happened? The key point is that we are dealing with vectorization. Just like almost anything else in R, == is a function.


> "=="(3,2)
[1] FALSE
> i <- 2
> "=="(i,2)
[1] TRUE

In fact, == is a vectorized function. The expression x == y applies the function ==() to the elements of x and y. yielding a vector of Boolean values.

What can be done instead? One option is to work with the vectorized nature of ==, applying the function all():


> x <- 1:3
> y <- c(1,3,4)
> x == y
[1]  TRUE FALSE FALSE
> all(x == y)
[1] FALSE

Applying all() to the result of == asks whether all of the elements of the latter are true, which is the same as asking whether x and y are identical.

Or even better, we can simply use the identical function, like this:


> identical(x,y)
[1] FALSE

Be careful, though because the word identical really means what it says. Consider this little R session:


> x <- 1:2
> y <- c(1,2)
> x
[1] 1 2
> y
[1] 1 2
> identical(x,y)
[1] FALSE
> typeof(x)
[1] "integer"
> typeof(y)
[1] "double"

So, : produces integers while c() produces floating-point numbers. Who knew?







Vector Element Names









Vector Element Names







The elements of a vector can optionally be given names. For example, say we have a 50-element vector showing the population of each state in the United States. We could name each element according to its state name, such as "Montana" and "New Jersey". This in turn might lead to naming points in plots, and so on.

We can assign or query vector element names via the names() function:


> x <- c(1,2,4)
> names(x)
NULL
> names(x) <- c("a","b","ab")
> names(x)
[1] "a"  "b"  "ab"
> x
 a  b ab
 1  2  4

We can remove the names from a vector by assigning NULL:


> names(x) <- NULL
> x
[1] 1 2 4

We can even reference elements of the vector by name:


> x <- c(1,2,4)
> names(x) <- c("a","b","ab")
> x["b"]
b
2






More on c()









More on c()







In this section, we’ll discuss a couple of miscellaneous facts related to the concatenate function, c(), that often come in handy.

If the arguments you pass to c() are of differing modes, they will be reduced to a type that is the lowest common denominator, as follows:


> c(5,2,"abc")
[1] "5"   "2"   "abc"
> c(5,2,list(a=1,b=4))
[[1]]
[1] 5

[[2]]
[1] 2

$a
[1] 1

$b
[1] 4

In the first example, we are mixing integer and character modes, a combination that R chooses to reduce to the latter mode. In the second example, R considers the list mode to be of lower precedence in mixed expressions. We’ll discuss this further in Section 4.3.

You probably will not wish to write code that makes such combinations, but you may encounter code in which this occurs, so it’s important to understand the effect.

Another point to keep in mind is that c() has a flattening effect for vectors, as in this example:


> c(5,2,c(1.5,6))
[1] 5.0 2.0 1.5 6.0

Those familiar with other languages, such as Python, may have expected the preceding code to produce a two-level object. That doesn’t occur with R vectors though you can have two-level lists, as you’ll see in Chapter
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General Matrix Operations







Now that we’ve covered the basics of creating a matrix, we’ll look at some common operations performed with matrices. These include performing linear algebra operations, matrix indexing, and matrix filtering.





Performing Linear Algebra Operations on Matrices







You can perform various linear algebra operations on matrices, such as matrix multiplication, matrix scalar multiplication, and matrix addition. Using y from the preceding example, here is how to perform those three operations:


> y %*% y  # mathematical matrix multiplication
  [,1] [,2]
[1,] 7   15
[2,]10   22
> 3*y  # mathematical multiplication of matrix by scalar
  [,1] [,2]
[1,] 3    9
[2,] 6   12
> y+y  # mathematical matrix addition
  [,1] [,2]
[1,] 2    6
[2,] 4    8

For more on linear algebra operations on matrices, see Section 8.4.







Matrix Indexing







The same operations we discussed for vectors in Section 2.4.2 apply to matrices as well. Here’s an example:


> z
  [,1] [,2] [,3]
[1,] 1    1    1
[2,] 2    1    0
[3,] 3    0    1
[4,] 4    0    0
> z[,2:3]
  [,1] [,2]
[1,] 1    1
[2,] 1    0
[3,] 0    1
[4,] 0    0

Here, we requested the submatrix of z consisting of all elements with column numbers 2 and 3 and any row number. This extracts the second and third columns.

Here’s an example of extracting rows instead of columns:


> y
  [,1] [,2]
[1,]11   12
[2,]21   22
[3,]31   32
> y[2:3,]
  [,1] [,2]
[1,]21   22
[2,]31   32
> y[2:3,2]
[1] 22 32

You can also assign values to submatrices:


> y
     [,1] [,2]
[1,]    1    4
[2,]    2    5
[3,]    3    6
> y[c(1,3),] <- matrix(c(1,1,8,12),nrow=2)
> y
     [,1] [,2]
[1,]    1    8
[2,]    2    5
[3,]    1   12

Here, we assigned new values to the first and third rows of y.

And here’s another example of assignment to submatrices:


> x <- matrix(nrow=3,ncol=3)
> y <- matrix(c(4,5,2,3),nrow=2)
> y
     [,1] [,2]
[1,]    4    2
[2,]    5    3
> x[2:3,2:3] <- y
> x
     [,1] [,2] [,3]
[1,]   NA   NA   NA
[2,]   NA    4    2
[3,]   NA    5    3

Negative subscripts, used with vectors to exclude certain elements, work the same way with matrices:


> y
     [,1] [,2]
[1,]    1    4
[2,]    2    5
[3,]    3    6
> y[-2,]
     [,1] [,2]
[1,]    1    4
[2,]    3    6

In the second command, we requested all rows of y except the second.







Extended Example: Image Manipulation







Image files are inherently matrices, since the pixels are arranged in rows and columns. If we have a grayscale image, for each pixel, we store the intensity—the brightness–of the image at that pixel. So, the intensity of a pixel in, say, row 28 and column 88 of the image is stored in row 28, column 88 of the matrix. For a color image, three matrices are stored, with intensities for red, green, and blue components, but we’ll stick to grayscale here.

For our example, let’s consider an image of the Mount Rushmore National Memorial in the United States. Let’s read it in, using the pixmap library. (Appendix
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Applying Functions to Matrix Rows and Columns







One of the most famous and most used features of R is the *apply() family of functions, such as apply(), tapply(), and lapply(). Here, we’ll look at apply(), which instructs R to call a user-specified function on each of the rows or each of the columns of a matrix.





Using the apply() Function







This is the general form of apply for matrices:


apply(m,dimcode,f,fargs)

where the arguments are as follows:



	m is the matrix.

	dimcode is the dimension, equal to 1 if the function applies to rows or 2 for columns.

	f is the function to be applied.

	fargs is an optional set of arguments to be supplied to f.





For example, here we apply the R function mean() to each column of a matrix z:


> z
     [,1] [,2]
[1,]    1    4
[2,]    2    5
[3,]    3    6
> apply(z,2,mean)
[1] 2 5

In this case, we could have used the colMeans() function, but this provides a simple example of using apply().

A function you write yourself is just as legitimate for use in apply() as any R built-in function such as mean(). Here’s an example using our own function f:


> z
     [,1] [,2]
[1,]    1    4
[2,]    2    5
[3,]    3    6
> f <- function(x) x/c(2,8)
> y <- apply(z,1,f)
> y
  [,1]  [,2] [,3]
[1,]  0.5 1.000 1.50
[2,]  0.5 0.625 0.75

Our f() function divides a two-element vector by the vector (2,8). (Recycling would be used if x had a length longer than 2.) The call to apply() asks R to call f() on each of the rows of z. The first such row is (1,4), so in the call to f(), the actual argument corresponding to the formal argument x is (1,4). Thus, R computes the value of (1,4)/(2,8), which in R’s element-wise vector arithmetic is (0.5,0.5). The computations for the other two rows are similar.

You may have been surprised that the size of the result here is 2 by 3 rather than 3 by 2. That first computation, (0.5,0.5), ends up at the first column in the output of apply(), not the first row. But this is the behavior of apply(). If the function to be applied returns a vector of k components, then the result of apply() will have k rows. You can use the matrix transpose function t() to change it if necessary, as follows:


> t(apply(z,1,f))
     [,1]  [,2]
[1,]  0.5 0.500
[2,]  1.0 0.625
[3,]  1.5 0.750

If the function returns a scalar (which we know is just a one-element vector), the final result will be a vector, not a matrix.

As you can see, the function to be applied needs to take at least one argument. The formal argument here will correspond to an actual argument of one row or column in the matrix, as described previously. In some cases, you will need additional arguments for this function, which you can place following the function name in your call to apply().

For instance, suppose we have a matrix of 1s and 0s and want to create a vector as follows: For each row of the matrix, the corresponding element of the vector will be either 1 or 0, depending on whether the majority of the first d elements in that row is 1 or 0. Here, d will be a parameter that we may wish to vary. We could do this:


> copymaj
function(rw,d) {
   maj <- sum(rw[1:d]) / d
   return(if(maj > 0.5) 1 else 0)
}
> x
     [,1] [,2] [,3] [,4] [,5]
[1,]    1    0    1    1    0
[2,]    1    1    1    1    0
[3,]    1    0    0    1    1
[4,]    0    1    1    1    0
> apply(x,1,copymaj,3)
[1] 1 1 0 1
> apply(x,1,copymaj,2)
[1] 0 1 0 0

Here, the values 3 and 2 form the actual arguments for the formal argument d in copymaj(). Let’s look at what happened in the case of row 1 of x. That row consisted of (1,0,1,1,0), the first d elements of which were (1,0,1). A majority of those three elements were 1s, so copymaj() returned a 1, and thus the first element of the output of apply() was a 1.

Contrary to common opinion, using apply() will generally not speed up your code. The benefits are that it makes for very compact code, which may be easier to read and modify, and you avoid possible bugs in writing code for looping. Moreover, as R moves closer and closer to parallel processing, functions like apply() will become more and more important. For example, the clusterApply() function in the snow package gives R some parallel-processing capability by distributing the submatrix data to various network nodes, with each node basically applying the given function on its submatrix.







Extended Example: Finding Outliers







In statistics, outliers are data points that differ greatly from most of the other observations. As such, they are treated either as suspect (they might be erroneous) or unrepresentative (such as Bill Gates’s income among the incomes of the citizens of the state of Washington). Many methods have been devised to identify outliers. We’ll build a very simple one here.

Say we have retail sales data in a matrix rs. Each row of data is for a different store, and observations within a row are daily sales figures. As a simple (undoubtedly overly simple) approach, let’s write code to identify the most deviant observation for each store. We’ll define that as the observation furthest from the median value for that store. Here’s the code:


1    findols <- function(x) {
2       findol <- function(xrow) {
3           mdn <- median(xrow)
4           devs <- abs(xrow-mdn)
5           return(which.max(devs))
6       }
7       return(apply(x,1,findol))
8    }

Our call will be as follows:


findols(rs)

How will this work? First, we need a function to specify in our apply() call.

Since this function will be applied to each row of our sales matrix, our description implies that it needs to report the index of the most deviant observation in a given row. Our function findol() does that, in lines 4 and 5. (Note that we’ve defined one function within another here, a common practice if the inner function is short.) In the expression xrow-mdn, we are subtracting a number that is a one-element vector from a vector that generally will have a length greater than 1. Thus, recycling is used to extend mdn to conform with xrow before the subtraction.

Then in line 5, we use the R function which.max(). Instead of finding the maximum value in a vector, which the max() function does, which.max() tells us where that maximum value occurs—that is, the index where it occurs. This is just what we need.

Finally, in line 7, we ask R to apply findol() to each row of x, thus producing the indices of the most deviant observation in each row.









Adding and Deleting Matrix Rows and Columns









Adding and Deleting Matrix Rows and Columns







Technically, matrices are of fixed length and dimensions, so we cannot add or delete rows or columns. However, matrices can be reassigned, and thus we can achieve the same effect as if we had directly done additions or deletions.





Changing the Size of a Matrix







Recall how we reassign vectors to change their size:


> x
[1] 12  5 13 16  8
> x <- c(x,20)  # append 20
> x
[1] 12  5 13 16  8 20
> x <- c(x[1:3],20,x[4:6])  # insert 20
> x
[1] 12  5 13 20 16  8 20
> x <- x[-2:-4]  # delete elements 2 through 4
> x
[1] 12 16  8 20

In the first case, x is originally of length 5, which we extend to 6 via concatenation and then reassignment. We didn’t literally change the length of x but instead created a new vector from x and then assigned x to that new vector.






Note

Reassignment occurs even when you don’t see it, as you’ll see in Chapter


More on the Vector/Matrix Distinction









More on the Vector/Matrix Distinction







At the beginning of the chapter, I said that a matrix is just a vector but with two additional attributes: the number of rows and the number of columns. Here, we’ll take a closer look at the vector nature of matrices. Consider this example:


> z <- matrix(1:8,nrow=4)
> z
     [,1] [,2]
[1,]    1    5
[2,]    2    6
[3,]    3    7
[4,]    4    8

As z is still a vector, we can query its length:


> length(z)
[1] 8

But as a matrix, z is a bit more than a vector:


> class(z)
[1] "matrix"
> attributes(z)
$dim
[1] 4 2

In other words, there actually is a matrix class, in the object-oriented programming sense. As noted in Chapter


Avoiding Unintended Dimension Reduction









Avoiding Unintended Dimension Reduction







In the world of statistics, dimension reduction is a good thing, with many statistical procedures aimed to do it well. If we are working with, say, 10 variables and can reduce that number to 3 that still capture the essence of our data, we’re happy.

However, in R, something else might merit the name dimension reduction that we may sometimes wish to avoid. Say we have a four-row matrix and extract a row from it:


> z
     [,1] [,2]
[1,]    1    5
[2,]    2    6
[3,]    3    7
[4,]    4    8
> r <- z[2,]
> r
[1] 2 6

This seems innocuous, but note the format in which R has displayed r. It’s a vector format, not a matrix format. In other words, r is a vector of length 2, rather than a 1-by-2 matrix. We can confirm this in a couple of ways:


> attributes(z)
$dim
[1] 4 2
> attributes(r)
NULL
> str(z)
 int [1:4, 1:2] 1 2 3 4 5 6 7 8
> str(r)
 int [1:2] 2 6

Here, R informs us that z has row and column numbers, while r does not. Similarly, str() tells us that z has indices ranging in 1:4 and 1:2, for rows and columns, while r’s indices simply range in 1:2. No doubt about it—r is a vector, not a matrix.

This seems natural, but in many cases, it will cause trouble in programs that do a lot of matrix operations. You may find that your code works fine in general but fails in a special case. For instance, suppose that your code extracts a submatrix from a given matrix and then does some matrix operations on the submatrix. If the submatrix has only one row, R will make it a vector, which could ruin your computation.

Fortunately, R has a way to suppress this dimension reduction: the drop argument. Here’s an example, using the matrix z from above:


> r <- z[2,, drop=FALSE]
> r
     [,1] [,2]
[1,]    2    6
> dim(r)
[1] 1 2

Now r is a 1-by-2 matrix, not a two-element vector.

For these reasons, you may find it useful to routinely include the drop=FALSE argument in all your matrix code.

Why can we speak of drop as an argument? Because that [ is actually a function, just as is the case for operators like +. Consider the following code:


> z[3,2]
[1] 7
> "["(z,3,2)
[1] 7

If you have a vector that you wish to be treated as a matrix, you can use the as.matrix() function, as follows:


> u
[1] 1 2 3
> v <- as.matrix(u)
> attributes(u)
NULL
> attributes(v)
$dim
[1] 3 1






Naming Matrix Rows and Columns









Naming Matrix Rows and Columns







The natural way to refer to rows and columns in a matrix is via the row and column numbers. However, you can also give names to these entities. Here’s an example:


> z
     [,1] [,2]
[1,]    1    3
[2,]    2    4
> colnames(z)
NULL
> colnames(z)  <- c("a","b")

> z
     a b
[1,] 1 3
[2,] 2 4
> colnames(z)
[1] "a" "b"
> z[,"a"]
[1] 1 2

As you see here, these names can then be used to reference specific columns. The function rownames() works similarly.

Naming rows and columns is usually less important when writing R code for general applications, but it can be useful when analyzing a specific data set.







Higher-Dimensional Arrays









Higher-Dimensional Arrays







In a statistical context, a typical matrix in R has rows corresponding to observations, say on various people, and columns corresponding to variables, such as weight and blood pressure. The matrix is then a two-dimensional data structure. But suppose we also have data taken at different times, one data point per person per variable per time. Time then becomes the third dimension, in addition to rows and columns. In R, such data sets are called arrays.

As a simple example, consider students and test scores. Say each test consists of two parts, so we record two scores for a student for each test. Now suppose that we have two tests, and to keep the example small, assume we have only three students. Here’s the data for the first test:


> firsttest
     [,1] [,2]
[1,]   46   30
[2,]   21   25
[3,]   50   50

Student 1 had scores of 46 and 30 on the first test, student 2 scored 21 and 25, and so on. Here are the scores for the same students on the second test:


> secondtest
     [,1] [,2]
[1,]   46   43
[2,]   41   35
[3,]   50   50

Now let’s put both tests into one data structure, which we’ll name tests. We’ll arrange it to have two “layers”—one layer per test—with three rows and two columns within each layer. We’ll store firsttest in the first layer and secondtest in the second.

In layer 1, there will be three rows for the three students’ scores on the first test, with two columns per row for the two portions of a test. We use R’s array function to create the data structure:


> tests <- array(data=c(firsttest,secondtest),dim=c(3,2,2))

In the argument dim=c(3,2,2), we are specifying two layers (this is the second 2), each consisting of three rows and two columns. This then becomes an attribute of the data structure:


> attributes(tests)
$dim
[1] 3 2 2

Each element of tests now has three subscripts, rather than two as in the matrix case. The first subscript corresponds to the first element in the $dim vector, the second subscript corresponds to the second element in the vector, and so on. For instance, the score on the second portion of test 1 for student 3 is retrieved as follows:


> tests[3,2,1]
[1] 48

R’s print function for arrays displays the data layer by layer:


> tests
, , 1
     [,1] [,2]
[1,]   46   30
[2,]   21   25
[3,]   50   48
, , 2
     [,1] [,2]
[1,]   46   43
[2,]   41   35
[3,]   50   49

Just as we built our three-dimensional array by combining two matrices, we can build four-dimensional arrays by combining two or more three-dimensional arrays, and so on.

One of the most common uses of arrays is in calculating tables. See Section 6.3 for an example of a three-dimensional table.
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General List Operations







Now that you’ve seen a simple example of creating a list, let’s look at how to access and work with lists.





List Indexing







You can access a list component in several different ways:


> j$salary
[1] 55000
> j[["salary"]]
[1] 55000
> j[[2]]
[1] 55000

We can refer to list components by their numerical indices, treating the list as a vector. However, note that in this case, we use double brackets instead of single ones.

So, there are three ways to access an individual component c of a list lst and return it in the data type of c:



	lst$c

	lst[["c"]]

	lst[[i]], where i is the index of c within lst





Each of these is useful in different contexts, as you will see in subsequent examples. But note the qualifying phrase, “return it in the data type of c.” An alternative to the second and third techniques listed is to use single brackets rather than double brackets:



	lst["c"]

	lst[i], where i is the index of c within lst





Both single-bracket and double-bracket indexing access list elements in vector-index fashion. But there is an important difference from ordinary (atomic) vector indexing. If single brackets [ ] are used, the result is another list—a sublist of the original. For instance, continuing the preceding example, we have this:


> j[1:2]
$name
[1] "Joe"

$salary
[1] 55000
> j2 <- j[2]
> j2
$salary
[1] 55000
> class(j2)
[1] "list"
> str(j2)
List of 1
 $ salary: num 55000

The subsetting operation returned another list consisting of the first two components of the original list j. Note that the word returned makes sense here, since index brackets are functions. This is similar to other cases you’ve seen for operators that do not at first appear to be functions, such as +.

By contrast, you can use double brackets [[ ]] for referencing only a single component, with the result having the type of that component.


> j[[1:2]]
Error in j[[1:2]] : subscript out of bounds
> j2a <- j[[2]]
> j2a
[1] 55000
> class(j2a)
[1] "numeric"






Adding and Deleting List Elements







The operations of adding and deleting list elements arise in a surprising number of contexts. This is especially true for data structures in which lists form the foundation, such as data frames and R classes.

New components can be added after a list is created.


> z <- list(a="abc",b=12)
> z
$a
[1] "abc"

$b
[1] 12

> z$c <- "sailing"  # add a c component
> # did c really get added?
> z
$a
[1] "abc"

$b
[1] 12

$c
[1] "sailing"

Adding components can also be done via a vector index:


> z[[4]] <- 28
> z[5:7] <- c(FALSE,TRUE,TRUE)
> z
$a
[1] "abc"

$b
[1] 12

$c
[1] "sailing"

[[4]]
[1] 28

[[5]]
[1] FALSE

[[6]]
[1] TRUE

[[7]]
[1] TRUE

You can delete a list component by setting it to NULL.


> z$b <- NULL
> z
$a
[1] "abc"

$c
[1] "sailing"

[[3]]
[1] 28

[[4]]
[1] FALSE

[[5]]
[1] TRUE

[[6]]
[1] TRUE

Note that upon deleting z$b, the indices of the elements after it moved up by 1. For instance, the former z[[4]] became z[[3]].

You can also concatenate lists.


> c(list("Joe", 55000, T),list(5))
[[1]]
[1] "Joe"

[[2]]
[1] 55000

[[3]]
[1] TRUE

[[4]]
[1] 5






Getting the Size of a List







Since a list is a vector, you can obtain the number of components in a list via length().


> length(j)
[1] 3






Extended Example: Text Concordance







Web search and other types of textual data mining are of great interest today. Let’s use this area for an example of R list code.

We’ll write a func