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Get started using the open source R programming language to do

statistical computing and graphics on large data sets

BY MARTIN HELLER
A few years ago | was the CTO and co-founder of a startup in
the medical practice management software space. One of the
problems we were trying to solve was how medical office visit
schedules can optimize everyone’s time. Too often, office visits are
scheduled to optimize the physician’s time, and patients have to

wait way too long in overcrowded waiting rooms in the company

of people coughing contagious diseases out their lungs. >>
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One of my co-founders, a hospital medical
director, had a multivariate linear model that
could predict the required length for an office
visit based on the reason for the visit, whether
the patient needs a translator, the average
historical visit lengths of both doctor and patient,
and other possibly relevant factors. One of the
subsystems | needed to build was a monthly
regression task to update all of the coefficients in
the model based on historical data.

After exploring many options, | chose to
implement this piece in R, taking advantage of
the wide variety of statistical (linear and nonlinear
modeling, classical statistical tests, time-series
analysis, classification, clustering) and graphical
techniques implemented in the R system.

One of the attractions for me was the R
scripting language, which makes it easy to save
and rerun analyses on updated data sets; another
attraction was the ability to integrate R and C++.
A key benefit for this project was the fact that R,
unlike Excel and other GUI analysis programs, is
completely auditable.
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Alas, that startup ran out of money not long
after | implemented a proof-of-concept Web
application, at least partially because our first
hospital customer had to declare Chapter 7
bankruptcy. Nevertheless, | continue to favor R
for statistical analysis and data science.

Essential R scripting

Sharon Machlis of Computerworld wrote an
excellent set of beginner tutorials on R for busi-
ness intelligence in 2013. It would be silly for me
to reinvent those six articles here, so feel free to
go read them and come back. The TL;DR version
is as follows.

Start by installing R and RStudio on your
desktop. Both are free. RStudio is optional, but |
like it, and you probably will, too. There are a half-
dozen other R IDEs and a dozen editors with some
R support, but don’t go crazy trying them all.

Try running R from a command shell (Figure
1), the R Console (Figure 2), and RStudio (Figure
3). Familiarize yourself with some of the R tuto-
rials and demos.

[ NN mheller — R — 100x72

Figure 1.

> summary(detg.mod, correlation = TRUE, symbolic.cor = TRUE)

Call:
glm{formula = terms(Fr ~ M.user = Temp = Soft + Brand = M.user =

(Dispersion parameter for poisson family taken to be 1)

Null deviance:
Residual deviance:
AIC: 170.87

118.627 on 23 degrees of freedom
5.656 on 8 degrees of freedom

Number of Fisher Scoring iterations: 4

Correlation of Coefficients:

(Intercept) 1

M. userY » 1

TempHigh a1
M.userY:TempHigh g v
SoftMedium i W 1
SoftSoft P « 1
M, userY:SoftMediun . s R |

M.userY:SoftSoft . e owp o 1

Temp, keep.order = TRUE), family = poisson, data = detg)
Deviance Residuals:
Min 10 Median 3Q Max

-8.91365 -@.35585 0.80253 @.33027 8.92146
Coefficients:

Estimate Std. Error z value Pri>|z|)
{Intercept) 4.14887 @.18603 39.128 <« 2e-16 =%x
M, userY -8.408521 9.16188 -2.503 0.01231 =
TempHigh -8.44275 9.17121 -2.586 0.808971 ==
M.userY:TempHigh -8.12692 @.26257 -8.483 8.62883
SoftMedium 8.85311 @.13308 8.399 9.68984
SoftSoft 8.085311 @.13388 ©8.399 0.58984
M, userY;SoftMedium 9.08323 9.19685 ©.423 0.67245
M.userY:S5oftSoft 9.12169 8.19591 8.621 ©.53449
TempHigh:SoftMedium -B.308442 8.22239 -1.369 8.17104
TempHigh:5oftSoft -B.30442 @.22230 -1.369 @.17184
M.userY:TempHigh: SoftMedium @.21189 @.31577 B.671 ©.58220
M. userY:TempHigh: SoftSoft  -0.20387 9.32540 -0.627 ©.53098
BrangM -B.30647 2.10942 -2.801 9.08510 ==
M.userY:BrandM 8.48757 @.15961 2.554 ©.01066 =
TempHigh:BrandM 8.84411 @.18463 8.239 8.81119
M, userY:TempHigh: BrandM @.44427 @.26673 1.666 ©.89579 .
Signif. codes: @ ‘s’ B.001 “»x" 0.01 “+’ 9.85 ‘.’ B.1 * ' 1

R running in a Bash
shell, using the
supplied glm.vr linear
regression demo.



http://www.computerworld.com/article/2497143/business-intelligence-beginner-s-guide-to-r-introduction.html
http://www.computerworld.com/article/2497143/business-intelligence-beginner-s-guide-to-r-introduction.html
http://www.computerworld.com/article/2497143/business-intelligence-beginner-s-guide-to-r-introduction.html
http://www.r-project.org/
http://www.rstudio.com/ide/
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A key benefit for
this project was
the fact thatR,
unlike Excel

and other GUI
analysis programs,
is completely
auditable
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@ R File Edit Format Workspace Packages& Data Misc Quartz

OREaEQ™ 2 0

> -
> x <= stots::rnorm{50) =
> opar <- par(bg = "white") =7 | Bl
i0
> plot{x, ann = FALSE, type = "n") 11 | Hershey
Hit <Return> to see next plot: 12
11 | Japanese
> ablineth = @, col = gray(.9@)) "
15 | graphics
> lines(x, col = "greend", lty = "dotted™) 16 image
7 | persp
> points(x, bg = "limegreen", pch = 21) 18 | plotmath

]
*
*
+

title(main = "Simple Use of Color In a Plot",

xlab = "Just a Whisper of a Label”,
col.main = "blue", col.lab = gray(.8),

21

Window Help

[E——

—

20 | Demos in packoge ‘grDevices':

Tables of #
fonts
Tables of 4
Hershey ved
A show of ¢
The image-1|
Extended pe
Examples of]

. . 22 | colors A show of R
cex.main = 1.2, cex.lab = 1.8, font.main = 4, font.lab - 1) Sl rercetons Exploration
Quartz 2 [*]
Simple Use of Color In a Plot
e
i ot
I. % i °
i e :

Figure 2.

The R Console,
a floating list of
R demos, and a
Quartz graphics
window. The R
graphics demo
is running. Note
that <- is the
normal assign-
ment operator.
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ace RStudis

Q- e -+

14 14 14. 7995396 Dota
15 15 15. 5708683

16 16 17, 7862643 Oy
17 17 19, 5859569
18 18 16. 3386195

19 19 20, 6481512 Values

20 20 20, 2760193 O

» fm o= Un(y = %, dotoedummy)

> summary(fs) 0 ful
-

Call: E

In{formula = ¥ ~ &, dat = dummy)

Min 1Q  Medion ] Max
-1.79130 -9.53206 ©.06856 0.41752 1.3%482

Coafficients:
Estimote Std. Error t volue Prisitl)

(Intercept) -9.25691  @.69171 -9.371  0.715

x 183663 @.07953 14,666 1.BBe-11 ***

Signif. codes: @ '**%' @.bB1 **' BB T B85 YT 017 ' L L
Residuol standord error: 8. 7684 on 18 degrees of freedos

Wiltiple R-squored: ®.9228, Adjusted B-squared: 8.918%

F-stotistic: 215.1 on 1 ond 18 DF, p-volue: 1.877e-11

=

I imt 12345678910 ...
¥: mum 2869 3074 -0.496 3,762 4.981 ...

-1§ 10 05 00 05 10 15

Figure 3.
RStudio has four

K Projecr thoney -

Consobe - Trvironment  Mistory —_ )
i # [ #impon st Ciwar uist= windows (all but
13 13 15, 5081033 b Clobal Envirgnment =

the editor are
shown here) and
multiple tabs in
each window.
Sample code
from the R site is

0 obs. of 2 vericbles

List of 12
Listof 13
mm [1:29] 1.5 1.71 1.87 2 2.12 ...
imt 1] 1234567309 ...

RS R e running. Notice
-2.9340 -1,1569 ©.3066 0.9943 7.6004 .
oo S ———— — the data display
Estirote Std, Error t volue Pr(a181) & Zoom | Sewporns @ f Cearsa in the upper

(Intercepr) -@.81669 8. 78416 1,841 8.311
2 1.08452  O.D6566 16,577 2.4le-12 *** flght, which is
Signif. codes: @ '***' 2,881 ‘**' 0.81 ‘*" 2.85 *." 8.1 " " 1 qu’te COnVenIent
Residual stondord error: 1,688 on 1B degrees of Freedos
Multiple R-squored: @.9385, Adjusted R-squored: @.9351
F-stotistic: 274.6 on 1 and 18 OF, p-volue: 2.48%5e-12 o
s fl < 180y - ¥, dotoscummy, weght=l/WiZ)
> summory( fel)

=
Coll:
In(formila = y = ¥, dato = dummy, weights = Lwe2) ;
Weighted Residuals: > 5 - &

x

The power of R is illustrated by the decep-
tively simple calls in Figure 3 to do statistical
analysis. For example,

fml <- Im(y ~ x, data=dummy,
weight=1/w"2)

summary (fml)

This says “find the best fit coefficients, fitted
values, and residuals for a linear model where
varies with x for the supplied data and weight
vectors. Save them in object fm1 and then
summarize the results.” Earlier in this session we
had defined the following:

w <- 1 + sqrt(x) / 2

Reading this code is straightforward. Writing
it takes a little study. But it isn’t hard and there’s
lots of free help available, not to mention dozens
of books.

In addition to the R help available on the
Web and from the Help menu items in the R
Console and RStudio, you can get help from the

R command line. For example:

?functionName

help (functionName)

example (functionName)

args (functionName)

help.search (“your search term”)

??(“my search term”)

To get data into R, either use its sample data,
listed by the data () function, or load it from a
file:

mydata <- read.csv(“filename.txt”)

R is extremely extensible. The 1ibrary ()
and require () functions load and attach
add-on packages; require () is designed for
use inside other functions. Many add-on pack-
ages and the R distributions live in CRAN, the
worldwide Comprehensive R Archive Network.
The other two common R archives are Omegahat
and Bioconductor. Additional packages live in
R-Forge.
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The R installation copies the base pack-
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You don't really need to learn the syntax

ages and the recommended packages from
CRAN into a local library directory, which on
a Mac is currently at /Library/Frameworks/R.
framework/Versions/3.1/Resources/library/.
Running the R 1ibrary () command without
any arguments will list the local packages and
the library location. RStudio will also generate
the correct 1ibrary () command to install a
listed package when you check the installation
check mark in the Packages tab. The command
help (package = packageName) will
display the functions in the specified package.
There are R packages and functions to load
data from any reasonable source, not only CSV
files. Beyond the obvious case of delimiters other
than commas, which are handled using the
read.table () function, you can copy and
paste data tables, read Excel files, connect Excel
to R, bring in SAS and SPSS data, and access
databases, Salesforce, and RESTful interfaces.
See, for example, the foreign package.

for standard data imports, as the RStudio
Tools|Import Dataset menu item will help
you generate the correct commands interactively
by looking at the data from a text file or URL and
setting the correct conversion options in drop-
down lists based on what you see.

You can see a list of the currently available
packages by name on CRAN; this list is much
more extensive than the list of recommended
packages downloaded to your desktop by default.
To install a package from one of the default
archives, use the install.packages function:

install.packages (“ggplot2”)

Note that ggplot2 is a popular advanced
graphics package that has more options than
the standard graphics package. Neverthe-
less, graphics can do a lot. In addition to the
graphics in Figures 2 and 3, consider Figures 4
and 5.

Edgar Anderson’s Iris Data
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Figure 4.
Edgar Anderson’s
Iris data is a stock
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http://cran.r-project.org/web/packages/available_packages_by_name.html
http://cran.r-project.org/web/packages/available_packages_by_name.html
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WhenR
programmers
talk about “big
data,” they don't
necessarily
mean data that
goes through
Hadoop. They
generally use
“big” to mean
data that can't
be analyzed in
memory.
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Figure 5.

This topographic map
of Maunga Whau
was produced from
stock data and the
graphics demo.)

R can do much more in terms of graphics
and statistical analysis. Do read Sharon Machlis's

tutorial and follow up with her links to additional

information. At this point, | want to expand my
discussion to how you can analyze big data in R.

Rin the cloud
When R programmers talk about “big data,”
they don't necessarily mean data that goes
through Hadoop. They generally use “big” to
mean data that can’t be analyzed in memory.
The fact is you can easily get 16GB of RAM
in a desktop or laptop computer. R running in
16GB of RAM can analyze millions of rows of
data with no problem. Times have changed quite
a bit since the days when a database table with a
million rows was considered big.
One of the first steps many developers take
when their program needs more RAM is to run
it on a bigger machine. You canrunRon a
server; a common 4U Intel server can hold up to

2TB of RAM. Of course, hogging an entire 2TB
server for one personal R instance might be a bit
wasteful. So people run large cloud instances
for as long as they need them, run VMs on their
server hardware, or run the likes of RStudio
Server on their server hardware.

RStudio Server comes in Free and Pro
editions. Both have the same features for indi-
vidual analysts, but the Pro version offers more
in the way of scale: authorization and security,
management visibility, performance tuning,
support, and a commercial license. According to
Roger Oberg of RStudio, the company’s intent is
not to create paid-only features for individuals.

RStudio Server Pro is integrated with several
big data systems. For example, when | was
reviewing the IBM Bluemix PaaS, | noticed
that R and RStudio are part of IBM’s DashDB
service (Figure 6). In fact, this is an installation
of RStudio Server Pro on Bluemix and SoftLayer,
according to Oberg and Tareef Kawaf of RStudio.



http://www.computerworld.com/article/2497143/business-intelligence-beginner-s-guide-to-r-introduction.html
http://www.computerworld.com/article/2497143/business-intelligence-beginner-s-guide-to-r-introduction.html
http://www.computerworld.com/article/2497464/business-intelligence-60-r-resources-to-improve-your-data-skills.html
http://www.computerworld.com/article/2497464/business-intelligence-60-r-resources-to-improve-your-data-skills.html
http://www.infoworld.com/article/2872330/cloud-computing/review-ibm-bluemix-bulks-up-cloud-foundry.html
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Figure 6. IBM
Bluemix documenta-
tion touts the ability
Run R scripts to analyze, manipulate, and visualize your data to run R SCfiptS
oo L e against a DashDB
A | e in-memory database.
graphics demo.)

Run R scripts straight from our console

= o) ibab

There is an additional strategy for running R but need “only” 5 columns and 20 million rows,
against big data: Bring down only the data that a mere few hundred megabytes of reduced data.
you need to analyze. In the spirit of MapReduce, You may also want to perform some of
Hadoop, Spark, and Storm, you want to winnow the analysis in the database instead of in the
the data as you stream it to make in-memory app. IBM has done a good job of providing an
analysis tractable on the reduced data set. To use example, along with the R source code. Consider
Kawaf’s example, you may have 100TB of data the analysis shown in Figure 7.

. e e R I e - i Figure 7. We are
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ounbealibubistiud sample we ran did
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Streaming the data out of the database and
into R can take a significant amount of time. If
you eliminate most of the network streaming,
you can vastly reduce the time needed for the
analysis. You'll notice that the timing for the
in-database regression analysis is 2.7 seconds.
The same task with the regression done in-appli-
cation took 1.47 minutes—more than 30 times
longer. The regression coefficients computed
were exactly the same. All that changed was that
one analysis did the regression where the data
resided, and the other first streamed the data
from the database to the R application.

The IBM implementation is not unique; |
happened to have a Bluemix account. Vertica
(HP), Greenplum (Pivotal), Oracle, and Teradata
all have R packages. I'm not sure how far the
others have gone in the direction of in-database

InfoWorld.com

analytics, however.

By the way, | was pleasantly surprised
to find that running RStudio Server Pro in a
browser feels exactly like running RStudio on my
desktop—nicely done.

Shiny and R Markdown
Of course, developers and analysts never really
get away with simply writing the code and
determining the results. Top management wants
monthly reports, and middle management wants
to play with the data without knowing anything
about what's under the covers. Enter shiny and
rmarkdown, two R packages from RStudio for
Web applications and reporting, respectively.
Figure 8 shows a simple Shiny app running in
RStudio. The code is from Lesson 2 of the Shiny
tutorial.

AStudic Filo Edl Code Vew Pols Session Ould Detag  Tools  Window Heln GraveSdEean
. L ] AB
011 Opan o Wi Putain = IR Pubinh
& R demas LA ] ] warena -
My Shiny App Y © st dem
1 shimAll [ M dFoge:
2 titinPonel "My Sniny dop®),
3 widebcricyous{
4 sideborPorali ),
5 i Pl
& PECEpLsose IV, align (Lt
Epnode IV L hECTA NER WOPEC, align = “center”),
i Mt ks & period of clvil mer ®, alipn = “cemter”
A NEW HOPE L} AL Mebel speceshigs, wtriving™, alige = “cenier"],
'] h3"from o hidden bose, haw Tenter”
RS @ g o ol war. 1 haEheir Plrst viciory ageinst ihe” "carvta
H hhmuﬂﬂ I;: RAC#VLL Galactic Emploe
14 i
from a hidden base, have won 13
their first victory against the
evil Galactic Empire.
iaa @ ot Lirvm A Leren
— _ECT=
: setw " = Tocusent L8 dep-17)
» aivbey ! 2 Pursend)
Loading reguired package: aMiny

Figure 8.

We're seeing a Web page running a Shiny app, next to
the RStudio editor showing the Ul code for the app. The
Shiny functions generate HTML. For example, h1 (“My
title”) generates <h1>My title</hl>.



http://shiny.rstudio.com/tutorial/lesson2/
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To limit what
isrecomputed
when input
changes,

the reactive
wrapper func-
tion caches

its values and
recomputes
only those that
are invalid.

You can use Shiny to build interactive and good example of how you can allow middle
“reactive” Web apps, with widgets that corre- management to play with the data without their
spond to HTML control elements such as input having to know what's under the covers.
fields. By “reactive,” RStudio means that when To limit what is recomputed when input
a value changes, all values with dependencies changes, the reactive wrapper function caches
on the changed value are recalculated, as you'd its values and recomputes only those that are
expect from a spreadsheet program. Figure 9 invalid. I'll forgo burdening you with an example,
shows an interactive Shiny app with two widgets although you'll find one in Shiny Lesson 6. Shiny
for input and a shaded choropleth map of U.S. apps can run on your own hardware, or you can
census data for output. publish them to the shinyapps.io server. For a

The interactive Shiny app in Figure 9 is a quick example, have a look at Figure 10.
| Piuds Fls Eoi Com Vew Pom Gwmeon Buld Debug Toon Window fen LEF A AT A BN
"B ) rmeres M caraa-app - Sy

censusVis TG g s gy P

Create demo)ranhc maps win imormaion fom he 2010 US Cenaus.

Crocss & vicede 10 A0y 3 courtlen o FeedRDNC datadian fa
& e halpars U

Pamact Hnganc = :
¥ iy

"

e O rowwar M- Aectieslat, aamt

= n outputingg < rendePlot
—— H

Figure 9.

The U.S. map rendered in the example above changes when the user varies the input values. Note the
readRDS base function to read a serialized R object, the source function to include additional
code, the renderPlot function (from the shiny package) to render a reactive plot, and the
do.call base function to construct and execute a function call. The percent map function is
defined in he lpers.R to render the shaded county map and the state outline map.


http://shiny.rstudio.com/tutorial/lesson6/
http://www.shinyapps.io/
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With the
addition of
RStudio asan
IDE, developing
R applications
can be quite
productive.

hitp: {f127.0.0.1:6622 | 4| Open in Browser Pubslish
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Smooth =
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— T @ammao

caral

Figure 10. The interactive Shiny demo
app running on my local system. You
can run it yourself at https://mheller.
shinyapps.io/shinyapp-demo/.

Shiny apps should satisfy the needs of middle
managers. Now what about top management?

If you are a GitHub user or have simply been
paying attention to the Web and developer land-
scapes the last 10 years, you'll know about the
Markdown language for generating formatted
documents in HTML and other tag-based markup

languages. RStudio includes a Markdown imple-
mentation and extends it to include embedded
R code chunks and both LaTeX and MathML in
the R Markdown package. You can also create
interactive R Markdown documents using Shiny
and publish them to your own Shiny server or to
shinyapps.io. For an example, see Figure 11.



https://mheller.shinyapps.io/shinyapp-demo/
https://mheller.shinyapps.io/shinyapp-demo/
https://en.wikipedia.org/wiki/Markdown
http://rmarkdown.rstudio.com/
http://www.shinyapps.io/
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“renderPlot’ function. The "selectlnput’ and 'sliderInput’ functions create the input widgets

used to drive the plot.

= ***{r, echo=FALSE}

inputPanel(
selectInput("n_breaks", label = "Number of bins:",
choices = c(18, 20, 35, 58), selected = 28],

sliderInput{"bw adjust™, label = "Bandwidth adjustment:",
min = 8.2, max = 2, value = 1, step = 8.2)
)

18+ renderPlot({

19 hist({faithfulSeruptions, probability = TRUE, breaks = aos.numeric(inputin_breaks),

20 xlab - "Duration (minutes)®, main - "Gey=zer eruption duration")

21

22 dens <- densily(laithfulferuplions, odjusL = inpulSbw_odjusL)

23 lines(dens, col = "blue™)

4 B

254 't

26

26:1 10 (Top Level) = R
Figure 12.

The faithful$eruptions data
used in this example is
from the Old Faithful
geyser data built into the R
Datasets package.

RStudio Figure 11.
| Open in Browser An eXample of R
This demonstrates how a standard R plot can be made interactive by wrapping it in the Shiny renderplot Markdown made
function. The selectInput a@nd sliderInput functions create the input widgets used to drive the plot interactive. The
Number of bins: Bandwidth adjustment: under/y/ng code is a
o = ' header block, a few
v lines of Markdown,
and a dozen lines of
Geyser eruption duration R. See Figure 12.
S —
L=
e |
w
L= -
z2 31
8 = |____ }
e | b
g F T T T T T “T 1
15 20 25 30 35 40 45 50
@ ShinyDoc.Rmd » ~— [@tion (minutes)
“F &4 7 - P RunDocument “#Run 4% [@ Chunks~
T p—
2 title: "Interactive Document”
3  runtime: shimy
4 output: hal_document The power of R
5= -
6 As we've seen, R is a useful tool for data scientists and
7 This demonstrates how a standard R plot con be made interactive by wrapping it in the Shiny

statisticians, and its somewhat nonstandard scripting
language will be of interest to programmers who might
otherwise resort to Python (with NumPy, Pandas, and
StatsModels); SQL (for data held in a database); or SAS
(and its GUI derivative, JMP) for their data analysis.
Compared to Excel, R has considerably more statistical
and graphing power, especially if you add packages for
your particular needs, and it's much more auditable. It's
far easier to validate an R script than a spreadsheet full
of formulas.

With the addition of RStudio as an IDE, developing
R applications can be quite productive. RStudio Server
allows companies to take advantage of the huge RAM
and many processors available in big server hardware,
Shiny turns R into a Web application server, and R
Markdown allows you to use R for reports.

On the other hand, the great power of R and the
large number of R packages available can make for a
fairly intimidating learning curve. It helps a lot to have
some statistics background when learning and using R,
but that's true for all data science. As can be said for any
other programming language with many libraries avail-
able, your best strategy for learning R is to take it one
step atatime. m

Martin Heller is a contributing editor for InfoWorld
reviews.



