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Learning Objectives

Recognize the different data sources that are available for R
analysis.

Use RStudio to import data.

Build R code to access data that are available in Excel, JSON,
and an SQL database.

Use the sqldf package to access a dataframe as if it was a
database.

Use the R sapply and tapply functions to do summary analysis
on a dataframe.

Understand how to use loops in R.

Demonstrate the following R functions: getURL, fromJSON,
read.xls, str_replace, dbConnect, dbGetQuery, dbListTables,
dbWriteTable, unlist, matrix, sqldf, tapply.



Most people who have watched the evolution of technology over recent
decades remember a time when storage was expensive and had to be
hoarded like gold. Over the past few years, however, the accelerating trend
of Moore’s Law has made data storage almost “too cheap to meter” (as they
used to predict about nuclear power). Although this opens many
opportunities, it also means that people keep data around for a long time,
since it doesn’t make sense to delete anything, and they might keep data
around in many different formats. As a result, the world is full of different
data formats, some of which are proprietary—designed and owned by a
single company such as SAS—and some of which are open, such as the
lowly but infinitely useful comma-separated variable, or CSV format.

In fact, one of the basic dividing lines in data formats is whether data are
human readable or not. Formats that are not human readable, often called
binary formats, are very efficient in terms of how much data they can pack
in per kilobyte but are also squirrelly in the sense that it is hard to see what
is going on inside the format. As you might expect, human readable formats
are inefficient from a storage standpoint but are easy to diagnose when
something goes wrong. For high-volume applications, such as credit card
processing, the data that are exchanged between systems are almost
universally in binary formats. When data sets are archived for later reuse,
for example, in the case of government data sets available to the public,
they are usually available in multiple formats, at least one of which is a
human readable format.

Another dividing line, as mentioned earlier, is between proprietary and open
formats. One of the most common ways of storing and sharing small data
sets is as Microsoft Excel spreadsheets. Although this is a proprietary
format, owned by Microsoft, it has also become a kind of informal and very
common standard. Dozens of different software applications can read Excel
formats (and there are several different formats that match different
versions of Excel). In contrast, the OpenDocument format is an open
format, managed by a standards consortium, that anyone can use without
worrying what the owner might do. OpenDocument format is based on
XML, which stands for extensible markup language. XML is a whole topic
in and of itself, but briefly it is a data exchange format designed specifically
to work on the Internet and is both human and machine readable. XML is



managed by the W3C consortium, which is responsible for developing and
maintaining the many standards and protocols that support the web.

As an open source program with many contributors, R offers a wide variety
of methods of connecting with external data sources. This is both a blessing
and a curse. There is a solution to almost any data access problem you can
imagine with R, but there is also a dizzying array of options available such
that it is not always obvious what to choose. We’ll tackle this problem in
two different ways.

In the first part of this chapter we will build on our readCensus function and
look at methods for importing existing data sets. These might exist on a
local computer or on the Internet, but the characteristic they have in
common is that they are contained (usually) within one single file. The
main trick here is to choose the right command to import those data into R.
In the second half of the chapter, we will consider a different strategy,
namely, linking to a source of data that is not a file. Many data sources,
particularly databases, exist not as a single discrete file, but rather as a
system. The system provides methods or calls to query data from the
system, but from the perspective of the user (and of R) the data never really
take the form of a file.

Importing Data Using RStudio

The first and easiest strategy for getting data into R is to use the data import
dialog in RStudio. In the upper-right-hand pane of RStudio, the Workspace
tab gives views of currently available data objects, but also has a set of
buttons at the top for managing the work space. One of the choices there is
the Import Dataset button: This enables a drop-down menu where one
choice is to import From CSV .. .. If you click this option and choose an
appropriate file, you will get a screen that looks like Figure 11.1.

The most important stuff is on the bottom-left side. Heading controls
whether or not the first line of the text file is treated as containing variable
names. The deliminator drop-down gives a choice of different characters
that separate the fields/columns in the data. RStudio tries to guess the
appropriate choice here based on a scan of the data. In this case, it guessed
right by choosing comma. As mentioned earlier, tab-delimited and comma-
delimited are the two most common formats used for interchange between
data programs. There are other controls such as if the first row has names



for each of column columns and a Quote drop-down, which controls which
character is used to contain quoted string/text data. The most common
method is double quotes. On the lower-right part of the screen we can also
see the code that will be generated when we import the data set.

Of course, we skipped ahead here because we assumed that an appropriate
file of data was available. It might be useful to see some examples of

human readable data:
Figure 11.1

........

Name, Age, Gender

“Fred”,22,“M”

“Ginger”,21,“F“
The above is a very simple example of a comma-delimited file where the
first row contains a header, meaning the information about the names of
variables for each of the columns. The second and subsequent rows contain
actual data. Each field is separated by a comma, and the text strings are
enclosed in double quotes. The same file tab-delimited might look like this:



“Fred” 22 ‘M”

“Ginger” 21 “F

Of course you can’t see the tab characters on the screen, but there is one tab
character in between each pair of values. In each case, for both comma- and
tab-delimited, one line equals one row. The end of a line is marked,
invisibly, with a so-called newline character. On occasion, you might run
into differences between different operating systems on how this end-of-
line designation is encoded.

Files containing comma- or tab-delimited data are very common across the
Internet, but sometimes we would like to gain direct access to binary files in
other formats. There are a variety of packages that one might use to access
binary data. A comprehensive access list appears here:

This page shows a range of methods for obtaining data from a wide variety
of programs and formats. In this chapter, we will explore how to read in a
data set using three very common methods. First, we will read in an Excel
file. As you will see, this will be very similar to how we read in the CSV
format. We will also read a data set that is available via a database and via
Java Script Object Notation (JSON), which is a structured, but human
readable, way of sharing data; JSON is an increasingly common way of
sharing data on the web.

Accessing Excel Data

Because Excel is such a widely used program for small, informal data sets,
we will start with an example here to illustrate both the power and the
pitfalls of accessing binary data with R. While we could read an Excel file
in a similar way to how we just read in the CSV file (via the import dataset
menu), we can also read the file directly in R. There are certainly many
packages available to help us read in an Excel file. Interestingly, this is one
area where Mac and Linux users are at a disadvantage relative to Windows
users. This is perhaps because Excel is a Microsoft product, originally


http://cran.r-project.org/doc/manuals/R-data.html

written to be native to Windows, and as a result it is easier to create tools
that work with Windows. One example noted here is the package called
RODBC. The abbreviation ODBC stands for open database connection, and
this is a Windows facility for exchanging data among Windows programs.
Although there is a proprietary ODBC driver available for the Mac, most
Mac users will want to try a different method for getting access to Excel
data. Another Windows-only package for R is called xlIsReadWrite. This
package provides convenient one-command calls for importing data directly
from Excel spreadsheets or exporting it directly to spreadsheets.
Fortunately, a general-purpose data manipulation package called gdata
provides essential facilities for importing spreadsheet files. In the example
that follows, we will use a function from gdata to read Excel data directly
from a website. The gdata package is a kind of Swiss Army knife package
containing many different functions for accessing and manipulating data.
For example, you might recall that R uses the value NA to represent
missing data. Frequently, however, it is the case that data sets contain other
values, such as 999, to represent missing data. The gdata package has
several functions that find and transform these values to be consistent with
R’s strategy for handling missing data.
Begin by using install.package() and library() functions to prepare the gdata
package for use:

> install.packages(“gdata™)

# ... lots of output here

> library(“gdata”)

gdata: read.xls support for ‘XLS’ (Excel 97-2004)

files

gdata: ENABLED.

gdata: read.xls support for ‘XLSX’ (Excel 2007+) files

ENABLED.
It was important here to see the output from the library() function. Note that
the gdata package reported some diagnostics about the different versions of
Excel data that it supports. Note that this is one of the major drawbacks of
binary data formats, particularly proprietary ones: you have to make sure
that you have the right software to access the different versions of data that
you might encounter. In this case, it looks like we are covered for the early
versions of Excel (1997-2004) as well as later versions of Excel (2007+).



We must always be on the lookout, however, for data that are stored in even
newer versions of Excel that might not be supported by gdata or other
packages.
Now that gdata is installed, we can use the read.xls() function that it
provides. The documentation for the gdata package and the read.xls()
function is located here:
http://cran.r-project.org/web/packages/gdata/gdata.pdf
A review of the documentation reveals that the only required argument to
this function is the location of the XLS file, and that this location can be a
pathname, a web location with http, or an Internet location with ftp (file
transfer protocol, a way of sending and receiving files without using a web
browser).
If you think back to an early chapter in this book, you hopefully remember
that we accessed some census data that had population counts for all the
different U.S. states. Previously, we read the data in a CSV format. For this
example, we are going to read the Excel file containing that data directly
into a dataframe using the read.xls() function:

> testFrame<-read.xls(

& "http://www2.census.gov/programs-surveys/popest/
-+ tables/2010-2011/state/totals/

+ nst-est2011-01.x1s")

trying URL

'http://www2.census.gov/programs—surveys/
popest/tables/2010-2011/state/totals/
nst-est2011-01.x1s'

Content type 'application/vnd.ms-excel' length 31232
bytes (30 Kb)

opened URL

downlcaded 30 Kb

The command in the first three lines above provides the URL of the Excel
file to the read.xls() function. The subsequent lines of output show the
function attempting to open the URL, succeeding, and downloading 30
kilobytes of data.
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Next, let’s take a look at what we got back by using the str() function to
create a summary of the structure of testFrame:

> str(testFrame)

'data.frame': 65 obs. of 10 variables:

5 table.with.row.headers.in.column.A.and.column.

headers.in.rows.3.through.4...leading.dots.indicate.

sub.parts.: Factor w/ 65 levels "",".Alabama",..: 62

53 1 o4 55 54 &0 8% 2 3

$ X: Factor w/ 60 lewels "","1,052,567",..: 1 59 60

27 38 47 10 49 32 50

5 X.l: Factor w/ 59 lewvels "","1,052,567",..: 1 1 59
2N S8 A S SR A T

$ X.2: Factor w/ B0 levels "" "1,052,528",..: 1 60 21
28 39 48 10 51 33 50

5 X.3: Facter w/ 59 levels "“","1,051,302",..: 1 1 21

28 38 48 10 20 33 51

: logi NA NA NA NA NA Na ...

logi NA NA NA NA NA NA ...

logi NA MA NA NA NA NA

logi NA NA NA NA NA NA ...

logi NA WA NA NA NA NAR

L 4 4 40 40
oo ==« =
[=+] -_J Fo T & T -

This looks very, very similar to the results of the read.csv function we had
previously used to read the comma separated file in an earlier chapter. Not
surprisingly, the cleanup is also very similar. As a review, we will briefly go
through the steps required to clean up the dataframe. If you need more of a
review, please go back and reread the readCensus discussion in Chapter 9.
First, the Census Bureau put in header rows that we can eliminate:

> testFrame<-testFrame[-1:-8,]
As a reminder, the minus sign used inside the square brackets refers to the
index of rows that should be eliminated from the dataframe. So the notation
-1:-3 gets rid of the first three rows. We also leave the column designator
empty so that, for now, we can keep all columns. So the interpretation of the
notation within the square brackets is that rows 1 through 3 should be
dropped, all other rows should be included, and all columns should be



included. We assign the result back to the same data object, thereby
replacing the original with our new, smaller, cleaner version.
Next, we know that of the 10 variables we got from read.xls(), only the first
five are useful to us (the last five seem to be blank). So this command keeps
the first five columns of the dataframe:

> testFrame <- testFrame|[,1:5]
In the same vein, the tail() function shows us that the last few rows just
contained some Census Bureau notes. So we can safely eliminate those like
this:

> testFrame <- testFrame[-52:-62,]
Now we are ready to perform a couple of data transformations. Before we
start these, let’s give our first column a more reasonable name:

> testFrame$stateName <- testFrame|,1]
We’ve used the little hack here to avoid typing out the ridiculously long
name of that first variable/column. We’ve used the column notation in the
square brackets on the right-hand side of the expression to refer to the first
column (the one with the ridiculous name) and simply copied the data into a
new column titled stateName. Let’s also remove the offending column with
the stupid name so that it does not cause us problems later on:

> testFrame <- testFrame|,-1]
Next, we can change formats and data types as needed. We can remove the
dots from in front of the state names very easily with str_replace():

> testFrameS$stateName <-

+ str_replace(testFrame$stateName,“\\.”,“”)
The function str_replace() is part of the stringr package, and you will have
to use install.packages() and library() to load it if it is not already in place.
We previously used gsub, which is a similar function, but gsub replaces
each occurrence, whereas str_replace replaces just the first occurrence (of
the dot character [.] in our example). The two backslashes in the string
expression above are called escape characters, and they force the dot that
follows to be treated as a literal dot rather than as a wildcard character. The
dot on its own is a wildcard that matches one instance of any character.
Next, let’s use the Numberize function. If you remember from Chapter 9,
this function handles both unwanted commas and spaces and will convert
strings into numbers whether or not they are integers (i.e., possibly with
digits after the decimal point).



# Numberize() - Gets rid of commas and other junk and

# converts to numbers

# Assumes that the inputVector is a list of data that

# can be treated as character strings

Numberize <- function(inputVector)

{

# Get rid of commas

inputVector<-gsub(“,”,“”, inputVector)

# Get rid of spaces

inputVector<-gsub(“ ”,“”, inputVector)

return(as.numeric(inputVector))

}
So we can now run this a few times to create new vectors on the dataframe
that contain the numeric values we wanted and to remove the old columns
that have column names that are not useful.

testFrame$aprillOcensus <- Numberize(testFrame$X)

testFrame$aprillObase <- Numberize(testFrame$X.1)

testFrame$july10pop <- Numberize(testFrame$X.2)

testFrame$julyllpop <- Numberize(testFrame$X.3)

testFrame <- testFramel,-1:-4]
As you can see, once we read in the data file, the process of cleaning the
data file was very similar to the process used to clean the same data set in
CSV format.
Now we are ready to consider the other strategy for getting access to data:
querying it from external databases. Depending on your familiarity with
computer programming and databases, you might notice that the abstraction
is quite different here. Previously, we had a file (sometimes rather messy)
that contained a complete copy of the data that we wanted, and we read that
file into R and stored it in our local computer’s memory (and possibly later
on the hard disk for safekeeping). This is a good and reasonable strategy for
small- to medium-sized data sets, which we’ll define just for the sake of
argument as anything up to 100 megabytes.
But what if the data you want to work with is really large—too large to
represent in your computer’s memory all at once and too large to store on
your own hard drive? This situation could occur even with smaller data sets
if the data owner did not want people making complete copies of their data



but rather wanted everyone who was using it to work from one official
version of the data. Similarly, if multiple users need to share data, it is much
better to have the data in a database that was designed for this purpose. For
the most part R is a poor choice for maintaining data that must be used
simultaneously by more than one user. For these reasons, it becomes
necessary to do one or both of the following things:
Allow R to send messages to the large, remote database, perhaps via
the web, asking for summaries, subsets, or samples of the data.
Allow R to send computation requests to a distributed data processing
system asking for the results of calculations performed on the large
remote database, perhaps via a web service.
Like most contemporary programming languages, R provides several
methods for performing these two tasks. We will explore two basic ways to
access these remote data services.

Accessing a Database

The first strategy we will explore to access remote systems or data involves
using a package that provides a client that can connect up to the database
server. The R client supports sending commands—mostly in SQL,
structured query language—to the database server. The database server
returns a result to the R client, which places it in an R data object (typically
a dataframe) for use in further processing or visualization.

The R community has developed a range of client software to enable R to
connect up with other databases. Here are the major databases for which R
has client software:

RMySQL: Connects to MySQL, perhaps the most popular open source
database in the world. MySQL is the M in LAMP, which is the acronym for
Linux, Apache, MySQL, and PHP. Together, these four elements provide a
complete solution for data driven web applications.

ROracle: Connects with the widely used Oracle commercial database
package. Oracle is probably the most widely used commercial database
package. Ironically, Oracle acquired Sun Microsystems a few years ago and
Sun developers predominate in development and control of the open source
MySQL system.

RPostgreSQL: Connects with the well-developed, full-featured
PostgreSQL (sometimes just called Postgres) database system. PostgreSQL



is a much more venerable system than MySQL and has a much larger
developer community. Unlike MySQL, which is effectively now controlled
by Oracle, PostgreSQL has a developer community that is independent of
any company and a licensing scheme that allows anybody to modify and
reuse the code.
RSQlite: Connects with SQlite, another open source, independently
developed database system. As the name suggests, SQlite has a very light
code footprint, meaning that it is fast and compact.
RMongo: Connects with the MongoDB system, which is the only system
here that does not use SQL. Instead, MongoDB uses JavaScript to access
data. As such it is well suited for web development applications.
RODBC: Connects with ODBC compliant databases, which include
Microsoft’s SQLserver, Microsoft Access, and Microsoft Excel, among
others. Note that these applications are native to Windows and Windows
server, and as such the support for Linux and Mac OS is limited.
For demonstration purposes, we will use RMySQL. This requires installing
a copy of MySQL on your computer. Use your web browser to go to this
page:

http://dev.mysql.com/downloads/
Then look for the MySQL Community Server. The term community in this
context refers to the free, open source developer community version of
MySQL. Note that there are also commercial versions of SQL developed
and marketed by various companies, including Oracle. Download the
version of MySQL Community Server that is most appropriate for your
computer’s operating system and install it. Note that unlike user
applications, such as a word processor, there is no real user interface to
server software like the MySQL Community Server. Instead, this software
runs in the background, providing services that other programs can use.
This is the essence of the client-server idea. In many cases the server is on
some remote computer to which we do not have physical access. In this
case, we will run the server on our local computer so that we can complete
the demonstration.
On the Mac installation used in preparation of this chapter, after installing
the MySQL server software, it was also important to install the MySQL
Preference Pane, in order to provide a simple graphical interface for turning
the server on and off. Because we are just doing a demonstration here, and
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we want to avoid future security problems, it is probably sensible to turn
MySQL server off when we are done with the demonstration. In Windows,
you can use MySQL Workbench to control the server settings on your local
computer.
Returning to R, use install.packages() and library() to prepare the RMySQL
package for use. If everything is working the way it should, you should be
able to run the following command from the command line:

> con <- dbConnect(dbDriver(“MySQL”), dbname = “test”)
The dbConnect() function establishes a linkage or connection between R
and the database we want to use. This underscores the point that we are
connecting to an external resource and we must therefore manage the
connection.
If there were security controls involved (such as username and passwords),
this is where we would provide the necessary information to establish that
we were authorized users of the database. However, in this case, because we
are on a local server of MySQL, we don’t need to provide this security
information.
The dbDriver() function provided as an argument to dbConnect specifies
that we want to use a MySQL client. The database name—specified as
dbname = “test”—is just a placeholder at this point. We can use the
dbListTables() function to see what tables are accessible to us (for our
purposes, a table is just like a dataframe, but it is stored inside the database
system):

> dbListTables(con)

character(0)
The response character(0) means that there is an empty list, so no tables are
available to us. This is not surprising because we just installed MySQL and
have not used it for anything yet. Unless you have another database
available to import into MySQL, we can just use the census data we
obtained earlier in the chapter to create a table in MySQL:

> dbWriteTable(con, “census”, testFrame, overwrite =

+ TRUE)

[1] TRUE
Take note of the arguments supplied to the dbWriteTable() function. The
first argument provides the database connection that we established with the
dbConnect()function. The census argument gives our new table in MySQL



a name. We use testFrame as the source of data—as noted earlier a
dataframe and a relational database table are very similar in structure.
Finally, we provide the argument overwrite=TRUE, which was not really
needed in this case—because we know that there were no existing tables—
but could be important in other operations where we need to make sure to
replace any old table that might have been left around from previous work.
The function returns the logical value TRUE to signal that it was able to
finish the request that we made. This is important in programming new
functions because we can use the signal of success or failure to guide
subsequent steps and provide error or success messages.
Now if we run dbListTables() we should see our new table:

> dbListTables(con)

[1] “census”
Now we can run an SQL query on our table:

> dbGetQuery(con, "SELECT stateName, julyllpop FROM
+ census WHERE julyllpop<l1000000")
stateMame Jjulyllpop

1 Alaska J22718

2 Delaware 807135

3 District of Columbia 617996

4 Montana 998199

5 North Dakota 683932

(4] South Dakota 824082

7 Vermont 626431

8 Wyoming 568158

Note that the dbGetQuery() call shown above breaks onto two lines, but the
string starting with SELECT has to be typed all on one line. The capitalized
words in that string are the SQL commands. It is beyond the scope of this
chapter to give an SQL tutorial, but, briefly, SELECT chooses a subset of
the table and the fields named after select are the ones that will appear in
the result. The FROM command chooses the table(s) where the data should
come from. The WHERE command specified a condition, in this case that
we only wanted rows where the July 2011 population was less than 1
million. SQL is a powerful and flexible language and this just scratches the
surface.



In this case we did not assign the results of dbGetQuery() to another data
object, so the results were just echoed to the R console. But it would be
easy to assign the results to a dataframe and then use that dataframe for
subsequent calculations or visualizations.

To emphasize a point made above, the normal motivation for accessing data
through MySQL or another database system is that a large database exists
on a remote server. Rather than having our own complete copy of those
data, we can use dbConnect(), dbGetQuery(), and other database functions
to access the remote data through SQL. We can also use SQL to specify
subsets of the data, to preprocess the data with sorts and other operations,
and to create summaries of the data. SQL is also particularly well suited to
joining data from multiple tables to make new combinations. In the present
example, we used only one table, it was a very small table, and we had
created it ourselves in R from an Excel source, so none of these were very
good motivations for storing our data in MySQL, but this was only a
demonstration.

Comparing SQL and R for Accessing a Data Set

In R, there is a library sqldf, that enables us to use a dataframe as a
database. So, for example, we can do the same SQL query using sqldf on a
dataframe that we previously did using SQL on a database. (Note that the
code below assumes that we have already installed and libraried the sqldf
package.):



> sgldf('"select avg(aprilllUbase) From testFrame")
avglaprillObase)
1 6162876

> mean(testFrameSaprill0base)
[1] 6162876

> sgldf(“select stateMame From testFrame
- Where julyllpep<10000007)
stateMame
Alaska
Delaware
Montana
HNorth Dakota
South Dakota

Vermont

=] & A s W M =

Wyoming

As you can see, we can do SQL commands using the dataframe as the
database. The actual SQL is the same as normal SQL. Since we can perform
SQL commands on a dataframe, it is very easy to compare typical SQL
tasks with how those tasks can be done in R. That is to say, we can easily
compare using SQL commands to doing more-traditional R commands. For
example, in our code we computed the mean of a column in SQL, and we
also computed the mean (i.e., the same task) directly in R.
We can also use the tapply command to perform a command similar
operation to the Group by SQL command. To show how tapply can be used,
we first need to add the region for each state in the country. This way, we
can states by region. We are lucky, since there is a state.region vector
provided with R this task is very easy. Our only issue is that the census data
set includes Washington, D.C. (the District of Columbia). So we first have
to remove that row before adding the region column.

> testFrame <- testFrame[testFrame$stateName !=

+  “District of Columbia”, ]

> testFrameS$region <- state.region
Now we have the region for each state. With this information, we can
determine the average population for each region, based on the states in a



specific region.

> sgldf("select AVG(julyllpop) From testFrame
- Group by region")
AVG(julyllpop)

3596570

6169066

7214296

5604581

= L B =

In R, as just mentioned, we can do something very similar using the tapply
command, which takes three parameters. This command applies a function
(specified as the third parameter), on a subset of the vector (specified by the
first parameter), broken down by a given factor variable (specified by the
second parameter). Seeing the tapply in action might make this easier to
understand:

> tapply(testFrameSaprillObase, testFrameSregion,

+ mean)
MNortheast South Nerth Central West
6146360 T122127 5577249 5534273

In this example, we grouped the april10base column by the region column.
Then, for all the states in a specific region (e.g., the South), tapply took the
mean of those states. This functionality is the same as the Group by SQL
command.

Let’s use these region means to do more with R. Specifically, let’s store the
region mean for each state. This is more complicated than many other tasks
we have done: We have four regions but many states. We need to figure out
which region mean should be associated with each state.

To do this, just like other R commands, we can store the result of the tapply
command and use the results. So we first store the region means in the
regionMean variable and the region names in the regionNames variable.



> regionMean <- tapply(testFrameSaprillObase,

+ testFrameS$region, mean)

> regionMean

Northeast South North Central West
6146360 1122127 5577249 5534273

> regionNames <- names(regionMean)
> regicnMNames

[1] "Nertheast" "South" "Morth Central" "West"

But how do we create the column with the appropriate region mean for each
state? One strategy is to get the indexes of the states within a specific region
and to assign those states the appropriate region mean. This is similar in
concept to how the order function works to sort a dataframe. As you might
remember, order sorts a column and returns the sorted indexes, which is
then used to sort the dataframe. In our case, we do not need to sort but,
rather, identify which rows have the region. We can use the “which”
function to get this info:

> which(regionNames[1] == testFrameS$region)

[1] 7 19 21 29 30 32 38 39 45
We can see the regionNames[1] is the Northeast and use that to let R
determine the appropriate index into regionNames, as shown below:

> which(regionNames[regionNames=="Northeast”] ==

+ testFrameS$region)

[1] 7 19 21 29 30 32 38 39 45
ither way, we can get the appropriate rows and can use that information to
define those rows to have the region mean of the Northeast. We can do
similar commands for the other regions.

> testFrameS$regionMean <- (

> testFrameS$regionMean[which(regionNames[1] ==

+ testFrameS$region)] <- regionMean[1]

> testFrameS$regionMean[which(regionNames[2] ==

+ testFrame$region)] <- regionMean|2]

> testFrameS$regionMean[which(regionNames[3] ==

+ testFrameS$region)] <- regionMean|3]

> testFrameS$regionMean[which(regionNames[4] ==

+ testFrame$region)] <- regionMean[4]



As you can see in the code above, we had to repeat the code four times (one
for each region). If you are thinking there must be a way to not have to cut
and paste the code four times, you are correct. In R, there is a concept of
loops. We will use a simple “for” loop to do the same line of code on each
of the regions.

> for (x in 1:4) {

+ indexes <- which(regionNames[x] ==

+ testFrame$region)

+ testFrameS$regionMean[indexes] <- regionMean|[x]

+}
In this code, we defined a variable x, and x changes in value each time
through the loop. The first time, x is equal to 1, and the code works for the
Northeast. The second time through the loop, x is equal to 2, and the code
works for the South. When we say the “second time through the loop,” what
happens is that the code between the { and the } is executed four times. The
first time, x is equal to 1; the second time, x is equal to 2. This continues for
x equals 3, and then, finally, x equals 4. As you can probably guess, the 1:4
defines the start and end values for x within the loop.
In many programming languages, loops are fundamental, and are used
extensively. However, in R we can do many, many operations without doing
loops. For people with experience with other programming languages, it is
often tempting to use loops more than needed. For example, in other
programming languages, one might need to use a loop to add two vectors
together, but in R, that is one line of code. This is an example of the power
of R. We can see that using “for” loops adds more code and is not as easy to
read:

> a <-¢(10:19)

> b <-¢(20:29)

>c<-a+b

> C

[1] 30 32 34 36 38 40 42 44 46 48

> for(x in 1:10) {

+ d[x] <- a[x] + b[x]

+}

>d

[1] 30 32 34 36 38 40 42 44 46 48



So, while sometimes we need to use loops, always try to think if there is a
way to do the same thing in R without a loop.

Accessing JSON Data

The second strategy we will explore involves the use of an application
programming interface (API) to communicate with another application or
database system. We will explore JSON (Java Script Object Notation), an
increasingly common way to share data on the web. JSON is a structured,
but human readable, way of sending back some data from an application or
a website. Sometimes those data are static, but other times a website will
use JSON to supply up-to-the-minute information. JSON was created by
Douglas Crockford in the early 2000s, while he was working at a start-up
funded by Tesla Ventures. Although originally derived from the JavaScript
scripting language, JSON is a language-independent data format and code
for sharing data. JSON is available for many programming languages,
including R!

We will start by exploring how Google shares geocode information. We will
use the Google geocoding API, which is pretty easy to use, does not require
an account or application ID, and allows about 2,500 address conversions
per day. The Google geocode API allows a user (program or person) to
supply an address, and Google will return the latitude and longitude of that
address. The API can be accessed over the web, using what is called an
HTTP GET request. Note that the terms of service for the Google
geocoding API are very specific about how the interface can be used—most
notably on the point that the geocodes must be used on Google maps. Make
sure you read the terms of service before you create any software
applications that use the geocoding service. See the link in the list of
sources at the end of the chapter. The list has a link to an article with dozens
of other geocoding APIs if you disagree with Google’s terms of service.
These abbreviations probably look familiar. HTTP is the hyper text transfer
protocol, and it is the standard method for requesting and receiving web
page data. A GET request consists of information that is included in the
URL string to specify some details about the information we are hoping to
get back from the request. Here is an example GET request to the Google
geocoding API:



http://maps.googleapis.com/maps/api/geocode/json?

address=1600+Pennsylvania+Avenue,+Washington,+DC&sensor=fals

e
This request can be typed into a web browser as a web address. The first
part of the web address should look familiar: The
http://maps.googleapis.com part of the URL specifies the domain name just
like a regular web page. The next part of the URL, /maps/api/geocode, tells
Google which API we want to use. Then the json indicates that we would
like to receive our result in Java Script Object Notation.
The address appears next, and we are apparently looking for the White
House at 1600 Pennsylvania Avenue in Washington, D.C. Finally,
sensor=false is a required parameter indicating that we are not sending our
request from a mobile phone. As previously mentioned, you can type that
whole URL into the address field of any web browser, and you should get a
sensible result back. The JSON notation is not beautiful, but you will see
that it makes sense and provides the names of individual data items along
with their values. Here’s a small excerpt that shows the key parts of the data
object that we are trying to get our hands on:

{
"results" : [
{

"address components" : [

"gecmetry" : |
"location" : {
SlaE® 338791981
"Tng™ = —76.9818437
b
"status" : “OK"

}

Perhaps a bit surprisingly, the actual coordinates you get might be different
from what was shown earlier. That is because Google might be improving
the accuracy of its geocodes. There are tons more data in the JSON object
that Google returned, and we can use RISONIO to extract the data we need
from the structure without having to parse it ourselves.


http://maps.googleapis.com/maps/api/geocode/json?address=1600+Pennsylvania+Avenue,+Washington,+DC&sensor=false
http://maps.googleapis.com/

In order to get R to send the HTTP GET requests to Google, we will also
need to use the RCurl package. This will give us a single command to send
the request and receive the result back—essentially doing all of the quirky
steps that a web browser takes care of automatically for us. To get started,
use install.packages() and library() on the two packages that we will need—
RCurl and RJSONIO. If you are working on a Windows machine, you
might need to jump through a hoop or two to get RCurl, but it is available
for Windows even if it is not in the standard CRAN repository. Search for
RCurl Windows if you run into trouble.

Next, we will create a new helper function to take the address field and turn
it into the URL that we need:

# Format an URL for the Google Geocode API
MakeGeoURL <- function(address)
{
root <= "http://maps.google.com/maps/api/geccode/"
url <- paste(roct, "json?address=", address,
"gsensor=false", sep = "")
return(URLencode (url))

}

There are three simple steps here. The first line initializes the beginning part
of the URL into a string called root. Then we use paste() to glue together
the separate parts of the string (note the sep=“" so we don’t get spaces
between the parts). This creates a string that looks almost like the one in the
earlier White House example. The final step converts the string to a legal
URL using a utility function called URLencode() that RCurl provides. Let’s
try it:

> MakeGeoURL(“1600 Pennsylvania Avenue, Washington,

+ DC”)

[1]

“http://maps.google.com/maps/api/geocode/json?

address=1600%20Pennsylvania%20Avenue,%20Washington,%20DC

&sensor=false”
Looks good! Just slightly different from the original example (%20 instead
of the plus [+] character), but hopefully that won’t make a difference.
Remember that you can type this function at the command line or you can



http://maps.google.com/maps/api/geocode/json?address=1600%20Pennsylvania%20Avenue,%20Washington,%20DC&sensor=false

create it in the script editing window in the upper-left-hand pane of
RStudio. The latter is the better way to go; if you click the Source on Save
checkmark, RStudio will make sure to update R’s stored version of your
function every time you save the script file. Now we are ready to use our
new function, MakeGeoURL(), in another function that will actually
request the data from the Google API:

Addr2latlng <- function(address)
{
url <- MakeGeoURL(address)
apiResult <- getURL(url)
gecoStruct <- fromJSON(apiResult, simplify = FALSE)
lat <= HA
lng <- NHA
try(lat <-
geoStructiresults[[l]]Sgeometryflocation$lat)
try({lng <-
geoStructfresults([[l]]SgeometrySlocation$lng)
return{c{lat; 1lng))
}

We have defined this function to receive an address string as its only
argument. The first thing it does is to pass the URL string to
MakeGeoURL() to develop the formatted URL. Then the function passes
the URL to getURL(), which actually does the work of sending the request
out onto the Internet. The getURL() function is part of the RCurl package.
This step is just like typing a URL into the address box of your browser.
We capture the result in an object called apiResult. If we were to stop and
look inside this, we would find the JSON structure that appeared earlier. We
can pass this structure to the function fromJSON()—we put the result in an
object called geoStruct. This is a regular R dataframe such that we can
access any individual element using regular $ notation and the array index
[[1]]. Note that our results are two lists (not vectors). One thing to
remember when working with lists is that we need to use double square
brackets: [[ ]]. If you compare the variable names geometry, location, lat,
and Ing to the preceding JSON example, you will find that they match



perfectly. The fromJSON() function in the RISONIO package has done all
the heavy lifting of breaking the JSON structure into its component pieces.
Note that this is the first time we have encountered the try() function. When
programmers expect the possibility of an error, they frequently use methods
that are tolerant of errors or that catch errors before they disrupt the code. If
our call to getURL() returns something unusual that we aren’t expecting,
then the JSON structure might not contain the fields that we want. By
surrounding our command to assign the lat and Ing variables with a try()
function, we can avoid stopping the flow of the code if there is an error.
Because we initialized lat and Ing to NA, this function will return a two-
item list with both items being NA if an error occurs in accessing the JSON
structure. There are more-elegant ways to accomplish this same goal. For
example, the Google API puts an error code in the JSON structure and we
could choose to interpret that instead. We will leave that to the Chapter
Challenge!
In the last step, our new Addr2latlng() function returns a two item list
containing the latitude and longitude. We can test it out right now:

> testData <- Addr2lating(“1600 Pennsylvania Avenue,

+ Washington, DC”)

> str(testData)

num [1:2] 38.9 -77
Perfect! we called our new function Addr2latlng() with the address of the
White House and got back a list with two numeric items containing the
latitude and longitude associated with that address. With just a few lines of
R code we have harnessed the power of Google’s extensive geocoding
capability to convert a brief text street address into mapping coordinates.
Now let’s try to read a large JSON data set. Our example that we will parse
is a data set about the Citi Bike program in New York City. There are
similar programs in many cities. The basic idea is that a person can rent a
bike from one bike location and ride it to another location in the city. The
person can leave it there. So, for example, maybe you take a bike to work,
lock it at a location near work, but in the evening, if it’s raining, you can
take the train home. The next day, you can ride a different bike to work. Of
course, if it rained every afternoon for a week, and everyone acted the same
way, eventually, there would be no bikes in some locations (and no empty
spaces in other Citi Bike locations). Hence, Citi Bike makes data available



about how many bikes and spaces are available at each of its locations. One
of the ways Citi Bike makes this information available is via JSON. To
access the data, we will again use the package RJSONIO (there are other
JSON packages available in R, such as jsonlite, but we have found
RJSONIO to be somewhat more stable in parsing JSON data sets). We will
also use the RCurl package, since we will use the getURL function to
retrieve the source of the JSON web page.
To start, after loading the RJSONIO and RCurl libraries, we load the JSON
data set with the following code:

> bikeURL <-

+ “https:/feeds.citibikenyc.com/stations/

+ stations.json”

> apiResult <- getURL (bikeURL)

> results <- fromJSON(apiResult)

> length(results)

[1] 2
First, we captured the result in an object called apiResult. Note that, as was
previously mentioned, just as for a CSV file, JSON is human readable. So if
we type the URL into a browser, we can see the results on a web page, just
as we did for the Google geocode API. If we were to stop and look inside
the apiResult, we would find the JSON structure. We then pass this
structure to the function fromJSON()—and put the result in an object called
results. This is a regular R dataframe such that we can access any individual
element using regular $ notation and the list index using double brackets
since our results are two lists (not vectors). The first item in the list
describes when the web page (data set) was generated, as we can see from
the following code:

> when <- results[[1]]

> when

[1] “2016-01-03 11:56:40 AM”
The next results are actually a list of stations:

> stations <- results[[2]]

> length(stations)

[1] 508
While lists are more of a hassle than dataframes, we are starting to see some
real data—specifically, that there are 508 places where someone can get or


https://feeds.citibikenyc.com/stations/

return a bike. Now let’s look at one station to see the type of information
available for each station:

> str(statiens[[1]])
List of 18
$ id : num 72
% stationName : chr "W 52 5t & 11 Zve"
$ availableDocks : num 5
$ totalDocks : num 39
$ latitude : num 40.8
$ lengitude : num -74
5 statusValue : chr "In Service"
$ statusKey : num 1
$ availableBikes : num 34
5 stAddressl ¢ chr "W 52 St & 11 Ave"
$ stAddress?2 4 el B
S oeiby Srslge
¥ postalCode wochies o
$ location s chr s
§ altitude s che
£ testStation : logi FALSE
& lastCommunicationTime : chr"2016-01-03 11:53:24 AM"
% landMark et

Now we finally have interesting data! We can see that there are 39 docks
(the places to park a bike) at this station and that there are 5 docks
available, meaning that there are 34 bikes available, which you can see is
another data element later in the list. There are other interesting pieces of
information, such as the street addresses. But working with lists is a pain, so
let’s convert this station list into a dataframe using the following R code.
We first get the total number of rows in the list of stations (which is the
number of stations to get/park a bike) and the names of all the attributes at
each station (which will be our column variables in our dataframe).

> numRows <- length(stations)

> nameList <- names(stations[[1]])
Next we create the dataframe, by using unlist on the list, which creates one
long list of elements, and putting them back into a dataframe, using the



structure of the matrix.

> dfStations <- data.frame(matrix(unlist(stations),

+ nrow=numRows, byrow=T), stringsAsFactors=FALSE)
Finally, we need to name the columns appropriately:

> names(dfStations) <- nameList
Now we can look at our newly created dataframe:

> str(dfStations)

'data.frame': 508 obs. of 18 wvariables:
$ :Ld ; Chr Il?zll 1r"l|rg1l IISEII 1!33"
5 stationName : chr "W 52 St & 11 Awve"

"Franklin 5t & W Broadway" ..

$ availableDocks H o ad i SR LR [ R R

$ totalDocks A I R ] 5

$ latitude : chr "40.76727216"
"40.71911552" ..

$ longitude : chr "-73.99392888"
"-74.00666661" ..

$ statusValue : chr "In Service"

"In Serwvice" "In Service" "In Service" ...

$ statusKey Hoeteie Rl i AR

5 availableBikes tichy T34l R N R

$ stAddressl : chr "W 52 St & 11 RAwve"
"Franklin St & W Broadway" ..

5 stAddressZ S o o St e T

= city s che B

5 postalCode SIS R LU b R L RS

$ location i) i S e e S

$ altitude roghye: W mAMn fa

$ testStation : chr "FALSE" "FALSE"

"FALSE" "FALSE"
S lastCommunicationTime : chr "2016-01-03 11:53:24
AM™ ..

5 landMark . Chr BOAE EREE AR EE AT AT




The only thing left to clean up is the fact that R thinks all the columns
(variables) are characters, but some are numbers, so we can fix this by
doing the following:

> dfsStationsSavailableDocks <-

+ as.numeric(dfStaticonsSavailableDocks)
> dfstationsSavailableBikes <-

+ as.numeric(dfstationsSavailableBikes)
> dfstationsStotalDocks <-

2

as.numeric(dfStationsStotalDocks)

We are done reading in a JSON data set! However, just for fun, before we
move on let’s take a look at some of the data. Of course, if we rerun the
code, we might get different results since these data update throughout the
day, every day.

> mean(dfStations$availableDocks)

(1] 21.41142

> mean(dfStations$availableBikes)

[1] 10.8838s6

> bikesAvailDF <-

+ dfstations[dfstationsSavailableBikes>0,]
> nrow(bikesAvailDF)

(1] 489

We can see that there is an average of more than 21 docks available at each
station, and there is an average of 10 bikes available at each station.
However, there are only 469 stations with at least one bike available (and
remember, there is a total of 508 stations).

While we covered a lot in the chapter, the key point is that there are many
ways to store and access data. Our job, as data scientists, is to be able to
read the data and put it into a usable format within R.

Chapter Challenge

Explore the web for other JSON data sets. Find one that is
interesting and read the JSON data set into R. Work with the
JSON data set to make sure it can be easily used by creating a
dataframe with the key information that was read using JSON.




Sources

http://cran.r-project.org/doc/manuals/R-data.html
http://cran.r-project.org/web/packages/gdata/gdata.pdf
http://www.json.org

http://dev.mysql.com/downloads/
http://en.wikipedia.org/wiki/Comparison of relational database
management systems
http://gis.stackexchange.com/questions/110942/how-often-does-
google-change-the-geo-coordinates-for-a-given-address

R Functions Used in This Chapter

getURL() Gets the results of a web page.

From] SON() Converts a J50ON data source 1o R.

library() Makes an R package available for use.

Mumberize() This is a custom funcrion created in this chaprer.

n.':ul.xlsl:j Empc:rt:i dara from a bina ry R file; p.'u'l! of the g:];tl!:i p:u.'lc.'tgu.
str_replace() Replaces one character string with another.

str_replace_all() Replaces multiple instances of a character string with another.
tl.l:l(:urlrtt,:':;l'[} Connects to an SQ[. darabase.

dbGerCuery() Runs an SQL query and return the results.

dbListTables() Shows the tables available in a connection.

dbWriteTable() Sends a dara table to an SQL systems.

install.packages() Gets the code for an R package.

unlist(} Takes a list and returns a simple vector.

matrix() Takes a vector and converts it inte a marrix.

sqldfi) Treats a dataframe as a database for SQL commands.

tapply() Creates subsers of a vector and performs a specified funcrion on each subser.



http://cran.r-project.org/doc/manuals/R-data.html
http://cran.r-project.org/web/packages/gdata/gdata.pdf
http://www.json.org/
http://dev.mysql.com/downloads/
http://en.wikipedia.org/wiki/Comparison_of_relational_database_management_systems
http://gis.stackexchange.com/questions/110942/how-often-does-google-change-the-geo-coordinates-for-a-given-address

