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Preface
C urrently,	the	am ount	of	inform ation	w e	are	able	to	produce	is	increasing	exponentially.	In
the	past,	data	storage	w as	very	expensive.	H ow ever,	today,	new 	technologies	m ake	it
cheaper	to	store	this	inform ation.	So	w e	are	able	to	generate	m assive	am ounts	of	data,
w hich	it	is	also	feasible	to	store.	This	m eans	that	w e	are	im m ersed	in	a	universe	of	data,	of
w hich	w e	are	not	able	to	exploit	the	vast	m ajority.

A m ong	these	large	deposits	of	data	storage	there	is	valuable	know ledge,	but	it	is	hidden
and	difficult	to	identify	using	traditional	m ethods.

Fortunately,	new 	technologies	such	as	artificial	intelligence,	m achine	learning,	and	the
m anagem ent	of	databases	converge	w ith	other	disciplines	that	are	m ore	traditional	such	as
statistics	or	m athem atics	to	create	the	m eans	to	locate,	extract,	or	even	construct	this
valuable	inform ation	from 	raw 	data.

This	convergence	of	know ledge	areas	gives	rise	to,	for	exam ple,	very	im portant	subfields
such	as	supervised	learning	and	unsupervised	learning,	both	derived	from 	m achine
learning.

B oth	subfields	contain	a	large	quantity	of	tools	to	enhance	the	use	of	stored	data	so	that	it
is	possible	to	generate	know ledge	about	the	data	and	extract	it	in	a	hum an-interpretable
w ay.

In	this	book,	you	w ill	learn	how 	to	im plem ent	som e	of	the	m ost	im portant	concepts	of
unsupervised	learning	directly	in	the	R 	console,	one	of	the	best	tools	for	a	data	scientist,
through	practical	exam ples	using	m ore	than	40	R 	packages	and	a	lot	of	useful	functions.

C onsidering	the	w ide	range	of	techniques	and	know ledge	related	to	unsupervised	learning,
this	book	is	not	intended	to	be	in	any	w ay	exhaustive.	H ow ever,	it	contains	som e	valuable
know ledge	and	m ain	techniques	to	introduce	the	reader	to	the	study	and	im plem entation	of
this	im portant	sub	field	of	m achine	learning.
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W hat	this	book	covers
C hapter	1,	W elcom e	to	the	Age	of	Inform ation	Technology,	aim s	at	introducing	the	reader
to	the	unsupervised	learning	context	and	explains	the	relation	betw een	unsupervised	and
supervised	learning	in	the	context	of	data	m ining.	It	also	provides	the	reader	w ith	an
introduction	to	the	key	concepts	of	inform ation	theory.

C hapter	2,	W orking	w ith	D ata	–	Exploratory	D ata	Analysis,	is	about	som e	techniques	for
exploratory	data	analysis	such	as	sum m arization,	m anipulation,	correlation,	and	data
visualization.	A n	adequate	know ledge	of	data,	by	exploration,	is	essential	in	order	to	apply
unsupervised	learning	algorithm s	correctly.	This	assertion	is	true	for	any	effort	in	data
m ining,	not	just	for	unsupervised	learning.

C hapter	3,	Identifying	and	U nderstanding	G roups	–	C lustering	Algorithm s,	teaches	the
readers	about	one	of	the	m ost	used	techniques	in	unsupervised	learning,	clustering.
Identifying	groups	can	help	discover	and	explain	som e	patterns	hidden	in	data.	It	is
frequently	the	answ er	for	m ultiple	problem s	in	m any	industries	or	contexts.	Finding
clusters	can	help	uncover	relationships	in	data,	w hich	can	in	turn	be	used	to	support	future
decisions.

C hapter	4,	Association	Rules,	covers	another	grouping	technique,	the	association	rules.
The	association	process	m akes	groups	of	observations	and	attem pts	to	discover	links	or
associations	betw een	different	attributes	of	groups.	This	association	becom es	rules,	w hich
can	in	turn	be	used	to	support	future	decisions.

C hapter	5,	D im ensionality	Reduction,	aim s	to	explain	som e	dim ensionality	reduction
techniques.	In	m achine	learning,	this	concept	is	the	process	of	reducing	the	num ber	of
random 	variables	considered,	and	it	can	be	subdivided	into	feature	selection	and
extraction.	The	key	is	to	reduce	the	num ber	of	dim ensions,	but	preserve	m ost	parts	of	the
inform ation.

C hapter	6,	Feature	Selection	M ethods,	explains	som e	techniques	for	feature	selection,	also
know n	as	variable	selection	or	attribute	selection.	The	key	point	is	to	choose	a	subset	of
relevant	features	of	variables	for	m odeling	and	not	to	use	features	that	seem 	to	be
redundant,	considering	correlation	to	sim plify	m odel	construction.

A ppendix,	References,	provides	a	list	of	links	referenced	in	the	book,	w hich	are	sorted
chapter-w ise.	G iven	the	am ount	of	package	and	functions	used	in	this	book,	it	is	very
difficult	to	cite	references	and	authors	w ithin	the	text	of	each	chapter,	as	it	w ould	appear
interm ittent	for	the	reader.
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W hat	you	need	for	this	book
You	need	to	dow nload	R 	to	follow 	the	exam ples.	You	can	dow nload	and	install	R 	using
the	C R A N 	w ebsite	available	at	http://cran.r-project.org/.	A ll	the	code	w as	w ritten	using
R Studio.	R Studio	is	an	integrated	developm ent	environm ent	(ID E)	for	R 	and	can	be
dow nloaded	from 	http://w w w .rstudio.com /products/rstudio/.	M any	of	the	exam ples	are
created	using	R 	packages,	and	they	are	discussed	in	their	respective	sections.
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W ho	this	book	is	for
This	book	is	intended	for	professionals	w ho	are	interested	in	data	analysis	using
unsupervised	learning	techniques,	as	w ell	as	data	analysts,	statisticians,	and	data	scientists
seeking	to	learn	to	use	R 	to	apply	data	m ining	techniques.	K now ledge	of	R ,	m achine
learning,	and	m athem atics	w ould	help,	but	are	not	a	strict	requirem ent.
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C onventions
In	this	book,	you	w ill	find	a	num ber	of	text	styles	that	distinguish	betw een	different	kinds
of	inform ation.	H ere	are	som e	exam ples	of	these	styles	and	an	explanation	of	their
m eaning.

C ode	w ords	in	text,	database	table	nam es,	folder	nam es,	filenam es,	file	extensions,
pathnam es,	dum m y	U R Ls,	user	input,	and	Tw itter	handles	are	show n	as	follow s:

A 	block	of	code	is	set	as	follow s:

#	Clean	the	Work	Space

rm(list	=	ls(all	=	TRUE))

#	Read	the	iris.csv	file

Iris	<-	read.table("iris.csv",	header	=	TRUE,	

sep	=	",",dec	=	".",	row.names	=	1)

In	R 	it	is	a	general	practice	to	use	<-	for	assignm ent	instead	of	the	=	sign.

N ew 	term s	and	im portant	w ords	are	show n	in	bold.	W ords	that	you	see	on	the	screen,
for	exam ple	in	m enus	or	dialog	boxes,	appear	in	the	text	like	this:	“W e	can	also	use	the
Sum m ary	of	dataset	option	for	exploratory	data	analysis:”

N ote
W arnings	or	im portant	notes	appear	in	a	box	like	this.

Tip
Tips	and	tricks	appear	like	this.
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R eader	feedback
Feedback	from 	our	readers	is	alw ays	w elcom e.	Let	us	know 	w hat	you	think	about	this
book— w hat	you	liked	or	disliked.	R eader	feedback	is	im portant	for	us	as	it	helps	us
develop	titles	that	you	w ill	really	get	the	m ost	out	of.

To	send	us	general	feedback,	sim ply	e-m ail	<feedback@packtpub.com>,	and	m ention	the
book’s	title	in	the	subject	of	your	m essage.

If	there	is	a	topic	that	you	have	expertise	in	and	you	are	interested	in	either	w riting	or
contributing	to	a	book,	see	our	author	guide	at	w w w .packtpub.com /authors.
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C ustom er	support
N ow 	that	you	are	the	proud	ow ner	of	a	Packt	book,	w e	have	a	num ber	of	things	to	help
you	to	get	the	m ost	from 	your	purchase.
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D ow nloading	the	exam ple	code
You	can	dow nload	the	exam ple	code	files	from 	your	account	at	http://w w w .packtpub.com
for	all	the	Packt	Publishing	books	you	have	purchased.	If	you	purchased	this	book
elsew here,	you	can	visit	http://w w w .packtpub.com /support	and	register	to	have	the	files	e-
m ailed	directly	to	you.
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D ow nloading	the	color	im ages	of	this	book
W e	also	provide	you	w ith	a	PD F	file	that	has	color	im ages	of	the	screenshots/diagram s
used	in	this	book.	The	color	im ages	w ill	help	you	better	understand	the	changes	in	the
output.	You	can	dow nload	this	file	from
http://w w w .packtpub.com /sites/default/files/dow nloads/1234O T_C olorIm ages.pdf.
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E rrata
A lthough	w e	have	taken	every	care	to	ensure	the	accuracy	of	our	content,	m istakes	do
happen.	If	you	find	a	m istake	in	one	of	our	books— m aybe	a	m istake	in	the	text	or	the
code— w e	w ould	be	grateful	if	you	could	report	this	to	us.	B y	doing	so,	you	can	save	other
readers	from 	frustration	and	help	us	im prove	subsequent	versions	of	this	book.	If	you	find
any	errata,	please	report	them 	by	visiting	http://w w w .packtpub.com /subm it-errata,
selecting	your	book,	clicking	on	the	E rrata	Subm ission	Form 	link,	and	entering	the
details	of	your	errata.	O nce	your	errata	are	verified,	your	subm ission	w ill	be	accepted	and
the	errata	w ill	be	uploaded	to	our	w ebsite	or	added	to	any	list	of	existing	errata	under	the
Errata	section	of	that	title.

To	view 	the	previously	subm itted	errata,	go	to
https://w w w .packtpub.com /books/content/support	and	enter	the	nam e	of	the	book	in	the
search	field.	The	required	inform ation	w ill	appear	under	the	E rrata	section.
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Piracy
Piracy	of	copyrighted	m aterial	on	the	Internet	is	an	ongoing	problem 	across	all	m edia.	A t
Packt,	w e	take	the	protection	of	our	copyright	and	licenses	very	seriously.	If	you	com e
across	any	illegal	copies	of	our	w orks	in	any	form 	on	the	Internet,	please	provide	us	w ith
the	location	address	or	w ebsite	nam e	im m ediately	so	that	w e	can	pursue	a	rem edy.

Please	contact	us	at	<copyright@packtpub.com>	w ith	a	link	to	the	suspected	pirated
m aterial.

W e	appreciate	your	help	in	protecting	our	authors	and	our	ability	to	bring	you	valuable
content.
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Q uestions
If	you	have	a	problem 	w ith	any	aspect	of	this	book,	you	can	contact	us	at
<questions@packtpub.com>,	and	w e	w ill	do	our	best	to	address	the	problem .
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C hapter	1.	W elcom e	to	the	A ge	of
Inform ation	Technology
M achine	learning	is	one	of	the	disciplines	that	is	m ost	frequently	used	in	data	m ining	and
can	be	subdivided	into	tw o	m ain	tasks:	supervised	learning	and	unsupervised	learning.
This	book	w ill	concentrate	m ainly	on	unsupervised	learning.

So,	let’s	begin	this	journey	right	from 	the	start.	This	particular	chapter	aim s	to	introduce
you	to	the	unsupervised	learning	context.	W e	w ill	begin	by	explaining	the	concept	of	data
m ining	and	m entioning	the	m ain	disciplines	that	w e	use	in	data	m ining.

N ext,	w e	w ill	provide	a	high-level	introduction	of	som e	key	concepts	about	inform ation
theory.	Inform ation	theory	studies	the	transm ission,	processing,	utilization,	and	even
extraction	of	inform ation	and	has	been	successfully	applied	in	the	data	m ining	context.

A dditionally,	w e	w ill	introduce	C R ISP	D M 	because	it	is	im portant	to	use	a	specialized
m ethodology	for	m anagem ent	know ledge	discovery	projects.

Finally,	w e	w ill	introduce	the	softw are	tools	that	w e	w ill	use	in	this	book,	m entioning
som e	of	the	reasons	w hy	they	are	highly	recom m ended.

In	brief,	w e	w ill	cover	the	follow ing	topics:

The	data	m ining	concepts
M achine	learning

Supervised	learning
U nsupervised	learning

Inform ation	Theory

Entropy
Inform ation	gain

C R ISP-D M
B enefits	of	using	R
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T he	inform ation	age
A t	present,	the	am ount	of	data	w e	are	able	to	produce,	transm it,	and	store	is	grow ing	at	an
unprecedented	rate.	W ithin	these	large	volum es	of	inform ation,	w e	can	find	deposits	of
valuable	know ledge	to	be	extracted.	H ow ever,	the	m ain	problem 	is	to	find	such
inform ation	and	it	is	reasonable	to	say	that	it	w ill	becom e	increasingly	difficult.

Eric	Em erson	Schm idt,	w ho	w as	the	chief	executive	of	G oogle	w arned:

“Betw een	the	origin	of	the	Earth	and	2003	five	Exabytes	of	inform ation	w ere
created;	today	that	am ount	is	created	every	tw o	w eeks… ”

In	this	context,	it	is	easy	to	understand	that	it	is	virtually	im possible	to	identify	these
deposits	of	know ledge	by	m anual	m ethods,	and	this	m akes	it	necessary	to	resort	to
specialized	disciplines	such	as	data	m ining.
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D ata	m ining
The	term 	began	to	be	used	in	the	’80s	by	database	developers.	D ata	m ining	can	be	defined
as	the	process	of	discovery	of	new 	and	m eaningful	relationships	by	exploring	large
volum es	of	inform ation.

D ata	m ining,	as	an	oriented	know ledge	discovery	process,	uses	various	disciplines,	such
as	m athem atics,	statistics,	artificial	intelligence,	databases,	pattern	recognition,	or	m achine
learning.	Indeed,	som etim es	som e	of	these	term s	are	considered	synonym ous,	w hich	is	in
fact	incorrect.	R ather,	there	is	an	overlap	of	these	disciplines.

The	follow ing	diagram 	illustrates	som e	disciplines	involved	in	the	process	of	data	m ining:
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M achine	learning
M achine	learning	is	a	subfield	of	com puter	science,	and	is	defined	as	the	study	and
creation	of	algorithm s	that	are	able	to	learn,	in	the	context	of	this	book,	from 	the
relationships	betw een	the	inform ation	contained	in	a	dataset.

In	general	term s,	m achine	learning	can	be	divided	into	several	categories;	the	tw o	m ost
com m on	ones	are	supervised	learning	and	unsupervised	learning.

Supervised	learning
This	is	a	task	of	m achine	learning,	w hich	is	executed	by	a	set	of	m ethods	aim ed	to	infer	a
function	from 	the	training	data.

N orm ally,	the	training	data	is	com posed	of	a	set	of	observations.	Each	observation
possesses	a	diverse	num ber	of	variables	nam ed	predictors,	and	one	variable	that	w e	w ant
to	predict,	also	know n	as	labels	or	classes.	These	labels	or	classes	represent	the	teachers
because	the	m odels	learn	from 	them .

The	ultim ate	aim 	of	the	function	created	by	the	m odel	is	the	extrapolation	of	its	behavior
tow ards	new 	observations,	that	is,	prediction.	This	prediction	corresponds	to	the	output
value	of	a	supervised	learning	m odel	that	could	be	num eric,	as	in	the	case	of	a	regression
problem ;	or	a	class,	as	in	the	case	of	classification	problem s.

To	explain	the	process	of	supervised	learning,	w e	can	resort	to	the	follow ing	diagram :

For	reference,	som e	exam ples	of	supervised	learning	m odels	are:
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R egression	m odels
N eural	netw orks
Support	vector	m achines
R andom 	forests
B oosting	algorithm s

W e	can	divide	the	process	into	tw o	stages	M odeling	and	Predicting:

In	the	m odeling	stage,	w e	start	w ith	raw 	data	that	w ill	be	used	to	train	the	m odel.	The
follow ing	is	the	definition	of	the	variables	used	to	build	the	m odel,	as	it	is	possible	to
reduce	the	num ber	or	transform 	them .

W e	proceed	to	train	the	m odel,	and	finally	carry	out	the	evaluation.	It	is	im portant	to	note
that	training,	construction,	and	validation	of	the	m odel	form 	an	iterative	process	aim ed	at
achieving	the	best	possible	m odel,	w hich	m eans	w e	m ay	need	to	return	to	a	previous	step
to	m ake	adjustm ents.

The	second	stage	is	the	prediction.	W e	already	have	the	m odel	and	a	num ber	of	new
observations.	U sing	the	m odel	that	w e	built	and	tested,	a	prediction	for	new 	data	is
executed	and	the	results	are	generated.

U nsupervised	learning
The	unsupervised	learning	objective	of	this	book	is	a	m achine	learning	task	that	aim s	to
describe	the	associations	and	patterns	in	relation	to	a	set	of	input	variables.	The
fundam ental	difference	from 	supervised	learning	is	that	input	data	has	no	class	labels,	so	it
has	no	variables	to	predict	and	rather	tries	to	find	data	structures	by	their	relationship.

W e	could	say	that	unsupervised	learning	aim s	to	sim ulate	the	hum an	learning	process,
w hich	im plies	learning	w ithout	explicit	supervision,	that	is,	w ithout	a	teacher	as	is	the
case	w ith	supervised	learning.

In	unsupervised	learning,	w e	can	also	speak	of	tw o	stages:	M odeling	and	profiting:
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In	the	m odeling	phase,	w e	take	the	input	data	and	proceed	to	apply	techniques	of	feature
selection	or	feature	extraction.	O nce	w e	define	the	m ost	convenient	variables,	w e	proceed
to	choose	the	best	m ethod	of	unsupervised	learning	to	solve	the	problem 	at	hand.	For
exam ple,	it	could	be	a	problem 	of	clustering	or	association	rules.

A fter	choosing	the	m ethod,	w e	proceed	to	build	the	m odel	and	execute	an	iterative	tuning
process	until	w e	are	satisfied	w ith	the	results.

In	contrast	to	supervised	learning,	in	w hich	the	m odel	value	is	derived	m ostly	from
prediction,	in	unsupervised	learning,	the	findings	obtained	during	the	m odeling	phase
could	be	enough	to	fulfill	the	purpose,	in	w hich	case,	the	process	w ould	stop.	For
exam ple,	if	the	objective	is	to	m ake	a	custom er	group,	once	done,	the	m odeling	phase	w ill
have	an	idea	of	the	existing	groups,	and	that	could	be	the	goal	of	the	analysis.

A ssum ing	that	the	m odel	w as	subsequently	used,	there	is	a	second	stage,	w hich	is	w hen
w e	have	the	m odel	and	w ant	to	exploit	it	again.	W e	w ill	receive	new 	data	and	use	the
m odel	that	w e	built	to	run	on	them 	and	get	results.

Throughout	this	book,	w e	w ill	explain	in	greater	depth,	m any	aspects	of	unsupervised
learning.
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Inform ation	theory
Inform ation	theory	studies	the	transm ission,	processing,	utilization,	and	even	extraction	of
inform ation	and	has	been	successfully	applied	in	the	data	m ining	context.

Inform ation	theory,	also	know n	as	the	m athem atical	theory	of	com m unication	or	the
m athem atical	inform ation	theory	is	a	theory	proposed	by	C laude	E.	Shannon	and	W arren
W eaver	in	the	late	1940s.

Inform ation	theory	is	a	concept	that	has	been	extrapolated	to	other	contexts	and	is	w idely
used	in	relation	to	m achine	learning	and	unsupervised	learning.	C onsidering	that	in	several
exam ples	of	this	book,	som e	concepts	w ill	be	m entioned.	In	this	regard,	w e	w ill	explain
them 	in	this	section.

Inform ation	theory	defines	the	degree	of	dependence	betw een	tw o	variables	based	on	the
concept	of	m utual	inform ation;	that	is,	the	inform ation	that	is	com m on	betw een	tw o
variables	and	therefore,	it	can	be	considered	a	m easure	of	the	reduction	of	uncertainty
about	the	value	of	a	variable	once	w e	know 	the	other.

In	relation	to	the	above,	there	are	tw o	im portant	concepts	that	w e	w ant	to	clarify:	the
entropy	and	inform ation	gain.
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E ntropy
Entropy,	also	know n	as	the	inform ation	m edia,	gives	the	m ean	value	of	the	inform ation	by
a	variable.	It	can	be	considered	a	m easure	of	uncertainty,	because	it	is	a	m easure	of	how
pure	or	im pure	a	variable	is.	The	entropy	ranges	from 	0	w hen	all	instances	of	a	variable
have	the	sam e	value,	to	1	w hen	there	exists	an	equal	num ber	of	instances	of	each	value.

Form ally,	the	entropy	can	be	defined	w ith	the	help	of	the	follow ing	form ula:

Explaining	the	m athem atical	concepts	of	inform ation	theory	is	beyond	the	scope	of	this
book.	H ow ever,	considering	its	im portance,	w e	w ill	explain	the	concept	of	entropy	and
inform ation	gain	using	an	exam ple:

Suppose	w e	have	the	follow ing	dataset	consisting	of	four	variables	(C olor,	Size,	Shape,
and	R esult)	and	16	observations:

C onsidering	it	contains	16	instances:	9	TR U E	and	7	FA LSE,	w e	proceed	to	apply	the
form ula	of	entropy	as	follow s:
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The	entropy	for	the	exam ple	is	0.9887,	w hich	m akes	m uch	sense	because	7/16	and	9/16	is
alm ost	a	coin	flip;	hence,	the	entropy	is	close	to	1.
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Inform ation	gain
W hen	w e	are	trying	to	decide	the	relevance	of	an	attribute,	w e	can	exam ine	the
inform ation	gain	associated	w ith	the	variable.	Inform ation	gains	are	usually	a	good
m easure	to	decide	the	relevance	of	an	attribute.	It	is	a	m easure	related	to	entropy	and	can
be	defined	as	the	expected	reduction	in	entropy	caused	by	a	partitioning	of	features.	In
general	term s,	the	expected	inform ation	gain	is	the	change	in	inform ation	entropy.

W e	can	calculate	the	expected	entropy	of	each	possible	attribute.	In	other	w ords,	the
degree	to	w hich	the	entropy	w ould	change.

C ontinuing	w ith	the	exam ple,	w e	consider	the	variable	size	and	proceed	to	the	calculation
of	inform ation	gain.

W e	w ant	to	calculate	the	inform ation	gain	(entropy	reduction),	that	is,	the	reduction	in
uncertainty	using	the	feature	size.

The	first	thing	to	do	is	calculate	the	entropy	of	each	subset	of	the	variable:

Then	w e	m ust	add	the	entropies	calculated	according	to	the	proportion	of	observations.	In
the	exam ple,	both	Size	=	Sm all	and	Size	=	L arge	contain	eight	observations:

A s	the	inform ation	gained	by	definition	is	the	change	from 	entropy:
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So,	w e	gained	0.1059	bits	of	inform ation	about	the	dataset	by	choosing	the	size	feature.
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D ata	m ining	m ethodology	and	softw are
tools
To	conclude	this	introductory	chapter,	w e	consider	it	im portant	to	note	tw o	additional
points:	a	suggested	m ethodology	for	data	m ining	projects	and	som e	im portant	aspects	of
the	softw are	that	w e	use	in	this	book.
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C R ISP-D M
C R ISP-D M 	is	an	acronym 	for	C ross	Industry	Standard	Process	for	D ata	M ining.
A lthough	it	is	a	process	m odel	for	data	m ining	projects	in	general,	it	is	a	good	fram ew ork
to	use	in	unsupervised	learning	projects.	It	is	not	the	only	existing	standard,	but	currently,
is	the	m ost	often	used.

C R ISP-D M ,	is	divided	into	4	levels	of	abstraction	organized	hierarchically	in	tasks
ranging	from 	the	m ost	general	level	to	the	m ost	specific	cases	and	organizes	the
developm ent	of	a	data	m ining	project,	in	a	series	of	six	phases:

C R ISP-D M
Stages Purpose

B usiness
understanding

This	aim s	to	understand	the	project	objectives	and	requirem ents	from 	a	business	perspective	and
convert	this	know ledge	into	a	data	m ining	problem .

D ata
understanding

This	pretends	to	get	fam iliar	w ith	data,	to	identify	quality	problem s,	and	to	get	first	insights	into	the
data.

D ata
preparation

This	covers	all	activities	to	construct	the	final	dataset	to	feed	into	the	m odeling	tool.	The	data
preparation	phase	m ight	include	tasks	such	as	attribute	selection,	data	transform ation,	data	cleaning,	and
any	other	task	considered	necessary.

M odeling The	m odeling	techniques	are	selected,	calibrated,	and	applied.

Evaluation
B efore	proceeding	to	the	final	deploym ent	of	the	m odel,	it	is	im portant	to	perform 	a	m ore	thorough
evaluation,	review ing	the	steps	executed	for	its	construction,	and	to	be	sure	it	properly	achieves	the
business	objectives.

D eploym ent This	is	the	exploitation	phase	of	the	project.

These	phases	interact	in	an	ordered	process,	as	show n	in	the	follow ing	diagram :
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W e	w ill	not	delve	into	an	explanation	of	each	of	these	phases.	Instead,	w e	sim ply	suggest
the	m ethodology	as	a	fram ew ork.	H ow ever,	if	you	w ant	to	investigate	further,	there	is
m uch	inform ation	available	online.
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B enefits	of	using	R
This	book	is	based	entirely	on	the	use	of	R — a	tool	that	w as	originally	developed	by
R obert	G entlem an	and	R oss	Ihaka	from 	the	D epartm ent	of	Statistics	at	the	U niversity	of
A uckland	in	1993.	Its	current	developm ent	is	the	responsibility	of	the	R 	D evelopm ent
C ore	Team .

There	are	m any	tools	for	data	m ining,	so	let’s	take	a	look	at	a	few 	of	the	benefits	of	using
R :

R 	is	Free!	A nd	not	just	free,	R 	is	open	source	softw are.
It	is	probably	the	m ost	used	tool	for	the	scientific	com m unity	to	carry	out	research,
and	certainly	the	m ost	used	by	professionals	w orking	in	data	m ining.
Perhaps	one	of	the	best	features	it	has	is	a	giant	collaborative	repository	called
C R A N ,	w hich	currently	has	m ore	than	7,300	packages	for	m any	different	purposes.
Very	few 	applications	have	this	diversity.
It	has	a	very	active	com m unity	along	w ith	m ultiple	forum s	w here	w e	can	discuss	our
queries	w ith	others	and	solve	our	problem s.
R 	has	great	capacities	for	inform ation	visualization.
A nd	a	huge	so	on…
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Sum m ary
In	this	chapter,	w e	have	contextualized	the	concept	of	unsupervised	learning	relative	to
m achine	learning,	supervised	learning,	and	the	theory	of	inform ation.

In	addition,	w e	presented	a	m ethodology	for	data	m ining	project	m anagem ent.	Finally,	w e
presented	the	softw are	w e	plan	to	use	throughout	the	chapters	of	this	book.

In	the	next	chapter,	w e	w ill	explain	som e	exploratory	techniques	and	thus	proceed	to
execute	the	next	step	in	the	C R ISP-D M 	m ethodology.
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C hapter	2.	W orking	w ith	D ata	–
E xploratory	D ata	A nalysis
This	chapter	aim s	to	explain	and	apply	som e	techniques	for	exploratory	data	analysis:
sum m arization,	m anipulation,	correlation,	and	data	visualization.	A n	adequate	know ledge
of	data	by	exploration	is	essential	in	order	to	apply	unsupervised	learning	algorithm s
correctly.	This	asseveration	is	true	not	only	for	unsupervised	learning	but	also	for	any
efforts	invested	in	data	m ining.

In	the	context	of	the	m ethodology	suggested	in	C hapter	1,	W elcom e	to	the	Age	of
Inform ation	Technology,	under	the	C RISP-D M 	section,	once	w e	have	finalized	the
business	understanding	phase,	it	im plies	that	w e	are	clear	about	the	context	of	the	problem
and	objectives	pursued.	It	is	then	that	w e	enter	the	second	phase— the	understanding	of	the
data— and	w e	w ill	do	this	through	exploratory	analysis	techniques.

A s	w e	have	seen	in	the	previous	chapter,	R 	is	a	versatile	program m ing	language	as	far	as
data	m anagem ent	is	concerned;	in	this	chapter,	w e	w ill	explain	som e	of	the	potential	in
relation	to	data	exploration.

In	this	chapter,	w ill	cover	the	follow ing	aspects:

Im portance	of	the	exploratory	analysis
Loading	data	into	R
B asic	exploration	of	a	dataset
Exploration	of	data	using	visualizations
Exploring	relations	betw een	data
Exploration	by	end-user	interfaces
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E xploratory	data	analysis
In	any	project	aim ed	at	know ledge	discovery,	the	exploratory	analysis	of	the	data	should
not	be	underestim ated.	It’s	a	very	im portant	phase	and	it	is	necessary	for	us	to	dedicate	a
lot	of	tim e	on	this.

For	anyone	w ho	has	w orked	w ith	data,	the	use	of	a	m ethodology	m ight	help	to	easily
understand	w hat	I	m ean	by	exploratory	analysis	intuitively.	H ow ever,	before	w e	get	to	a
definition,	I	w ould	like	to	explain	it	w ith	an	analogy:

In	an	editorial	process,	as	is	the	creation	of	this	book,	I	develop	and	propose	a	lot	of
m aterial	such	as:	concepts,	topics,	exam ples,	code,	in	short,	plenty	of	inform ation.	In	fact,
m uch	of	this	inform ation	w ill	not	be	used	in	the	published	version	of	the	book,	indeed,	and
it	is	likely	that	the	finished	version	of	the	book	does	not	m atch	the	order	in	w hich	it	w as
developed.	This	w ould	be	the	equivalent	of	raw 	data	in	a	process	of	know ledge	discovery
such	as	unsupervised	learning.

The	process	continues	and	the	data	enters	the	editing	stage,	in	w hich	several	actors	w ill
understand,	refine,	and	verify	the	consistency	and	presentation	of	them .	Exploratory	data
analysis	is	w hat	happens	during	the	editing	phase	and	allow s	us	to	understand	the	relations
betw een	variables	to	identify	initial	problem s	w ith	the	data	and	also	to	determ ine	if	the
original	data	requires	any	transform ation.

In	short,	the	data	begins	to	tell	us	a	story,	and	to	tell	this	story,	w e	can	m ake	use	of
visualization	techniques,	sum m arization,	transform ation,	and	handling	of	data.	In	this	task,
the	statistical	techniques	play	an	im portant	role,	as	w ell	as	specialized	softw are	tools	that
facilitate	our	w ork.
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L oading	a	dataset
Loading	the	data	of	the	w ork	in	any	tool	is	the	first	approach	w e	w ill	have	to	carry	out
(assum ing	that	w e	don’t	help	w ith	the	data	collection	phase).

Even	though	the	exploratory	analysis	techniques	do	not	require,	in	a	strict	sense,	the
application	of	com putational	tools,	it́s	reasonable	to	think	that,	in	m odern	tim es,	it	w ill	be
used.	O n	this	basis,	the	first	thing	that	w e	need	to	do	is	to	load	the	data	that	w e	intend	to
explore	in	our	w orking	tool:	for	the	purposes	of	this	book,	R 	for	statistical	com putation
and	graphics.

This	book	is	not	intended	to	be	an	introductory	course	to	R ,	and	there	is	a	lot	of	very	good
literature	to	learn	about	R .	H ow ever,	for	your	convenience,	w e	w ill	review 	som e	im portant
basic	aspects	required	to	continue	w ith	this	book.

B efore	loading	the	data,	it	is	im portant	to	define	a	w orking	directory	according	to	our
needs.	This	w ill	allow 	us	to	w ork	in	an	orderly	m anner	and,	besides,	the	project	files	w ill
be	in	the	place	w e	w ant.

Let	us	proceed	to	upload	the	data	to	the	R 	console:

#	Check	the	current	working	directory

getwd()

[1]	"C:/Unsupervised	Learning"

#	Assign	the	chosen	working	directory

setwd("C:/Unsupervised	Learning/Chapter	02")

#	Verifying	the	chosen	working	directory

getwd()

[1]	"C:/Unsupervised	Learning/Chapter	02"

#	Getting	the	file	names	contained	in	directory

dir()

[1]	"iris.csv"

N ote
A s	the	reader,	you	w ill	probably	know ,	in	R 	code,	the	com m ents	are	preceded	by	a	#
character.	A lso,	w hen	you	find	this	character	w ithin	parentheses	[#],	this	is	an	indicator
that	the	line	is	a	result	or	a	response	to	the	user	from 	the	R 	console.	In	the	previous
exam ple,	the	dir()	com m and	is	an	order	that	the	user	m akes	to	the	console	and	the
console	responds	w ith	[1]	iris.csv.	The	num ber	1	corresponds	to	the	line	num ber	and
the	phrase	iris.csv	is	the	result,	in	this	case	the	nam e	of	the	file	found	in	the	directory.

The	Iris.csv	file	contains	the	inform ation	from 	a	dataset	w idely	used	for	learning
process	in	statistics	or	data	m ining.	It	com es	preloaded	w ith	R ,	but	in	order	to	exem plify	a
load	of	data,	let’s	add	it	to	the	console	from 	a	com m a-separated	file:

#	Clean	the	Work	Space

rm(list	=	ls(all	=	TRUE))

www.EBooksWorld.ir



#	Read	the	iris.csv	file

Iris	<-	read.table("iris.csv",	header	=	TRUE,	sep	=	",",	

				dec	=	".",	row.names	=	1)

#	verifying	the	object	class

class(Iris)	

[1]	"data.frame"

N ote
A bout	dataset	Iris:	This	fam ous	(Fisher’s	or	A nderson’s)	Iris	dataset	gives	the
m easurem ents	in	centim eters	of	the	variables	sepal	length	and	w idth,	and	petal	length	and
w idth,	respectively,	for	50	flow ers	from 	each	of	the	three	species	of	Iris.	The	species	are
Iris	setosa,	versicolor,	and	virginica.

A t	this	point,	w e	have	a	data	fram e	nam ed	Iris	loaded	in	R ,	w hich	is	m erely	a	copy	of	the
data	that	w as	inside	the	iris.csv	file	and	w e	have	loaded	it	using	the	read.table
function.

Som ething	very	im portant	to	keep	in	m ind	is	that	R 	can	load	data	from 	alm ost	any	source
and	file	type	norm ally	used.	For	exam ple,	using	the	previous	exam ple,	if	the	file	that	w as
just	loaded	w as	in	excel	form at	and	not	a	com m a-separated	file,	w e	could	load	it	using	the
package	XL	Connect:

#	Load	or	Install	the	library	XL	Connect

suppressWarnings(suppressMessages(if	(!require(XLConnect))	

install.packages("XLConnect")))

library("XLConnect")

#	Loads	or	creates	a	Microsoft	Excel	workbook	for

#	further	manipulation.

IrisXls	=	loadWorkbook("iris.xls")

#	Reads	data	from	worksheets	of	a	workbook.

IrisXls	=	readWorksheet(IrisXls,	sheet	=	"Sheet1")

C ontinuing	to	explore	other	data	sources	is	beyond	the	scope	of	this	book.	H ow ever,	w e
w ant	to	let	you	know 	that	the	connectivity	of	R 	is	extensive.	W ith	just	a	little	research	and
you	can	find	excellent	tutorials	about	it.

Tip
If	you	don t́	w ant	to	load	the	dataset	iris	again	from 	the	com m a-separated	file,	it	should
be	sufficient	to	execute	the	next	instruction	in	the	R 	console,	before	running	the	exam ples
that	requires	the	Iris	object:

Iris	<-iris

Tip
D ow nloading	the	exam ple	code
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You	can	dow nload	the	exam ple	code	files	from 	your	account	at	http://w w w .packtpub.com
for	all	the	Packt	Publishing	books	you	have	purchased.	If	you	purchased	this	book
elsew here,	you	can	visit	http://w w w .packtpub.com /support	and	register	to	have	the	files	e-
m ailed	directly	to	you.
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B asic	exploration	of	the	dataset
A t	this	point,	w e	have	loaded	the	data	into	the	R 	environm ent.	This	is	the	first	m ajor	step,
but	w e	do	not	know 	m uch	about	this	data	yet.	W e	w ill	begin	to	gain	initial	understanding
through	som e	instructions	to	sum m arize	the	inform ation.

D eliberately,	w e	have	left	graphic	versions	for	a	later	section	of	the	chapter.	In	this
section,	the	exam ples	that	w e	w ill	do	to	return	num bers	and	text;	w hich,	by	the	w ay	are
equally	im portant	tools	as	com pared	to	their	graphic	expressions.

A s	a	first	step,	directly	from 	the	console	of	R ,	w e	can	begin	verifying	the	basic	features	of
the	Iris	dataset	that	w e	just	loaded,	for	exam ple	its	size:

#	Retrieve	or	set	the	dimension	of	an	object

dim(Iris)	

[1]	150			5

The	instruction	dim	(Iris)	returns	the	dim ension	of	an	object;	in	this	case,	it	indicates
that	the	object	type	data.frame	Iris	that	w e	loaded	from 	iris.csv	has	150	register	w ith	5
variables,	150	row s,	and	5	colum ns	of	data.

In	addition	to	the	instruction	dim,	w e	m ay	also	use	another	function	to	check	the	size	in
row s	and	colum ns	of	the	object	in	a	separate	w ay,	that	is,	by	counting	the	num ber	of	row s
and	num ber	of	colum ns:

#nrow	and	ncol	return	the	number	of	rows	or	columns	

nrow(Iris)	

[1]	150

ncol(Iris)

[1]	5

This	can	help	us	in	dim ensioning	the	size	and	shape	of	the	dataset,	w hich	are	the	tw o
im portant	aspects	for	us	to	determ ine	how 	m anageable	it	w ill	be	and	how 	w e	can	handle	it.

This	is	the	first	approach	but	w e	need	m ore	inform ation.

In	order	to	m ove	forw ard	in	the	exploration,	w e	can	review 	its	structure	in	m ore	detail	by
using	another	function,	str():

#	Compactly	Display	the	Structure	of	an	Arbitrary	R	Object

str(Iris)

#	The	next	block	of	code	is	a	console	response	to	str

	'data.frame':	150	obs.	of		5	variables:

$	Sepal.Length:	num	5.1	4.9	4.7	4.6	5	5.4	4.6	5	4.4	4.9…

$	Sepal.Width	:	num	3.5	3	3.2	3.1	3.6	3.9	3.4	3.4	2.9	3.1…

$	Petal.Length:	num	1.4	1.4	1.3	1.5	1.4	1.7	1.4	1.5	1.4	1.5…

$	Petal.Width	:	num	0.2	0.2	0.2	0.2	0.2	0.4	0.3	0.2	0.2	0.1…

$	Species	:	Factor	w/	3	levels	"setosa","versicolor",..:	1
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			1	1	1	1	1	1	1	1	1…

This	instruction	gives	us	additional	inform ation	about	the	structure	of	the	Iris	object,	for
exam ple:

W e	can	verify	that	Iris	is	an	object	of	type	data.frame,	w hich	has	150	observations	w ith	5
variables	each,	and	w hich	also	show s	us	the	nam es	of	those	variables	and	(som ething	to
w hich	w e	m ust	pay	close	attention	now )	the	data	type	that	stores	each	variable.

A t	this	point,	w e	have	a	better	know ledge	of	the	loaded	data	from 	Iris.csv,	and	also,	if
w e	pay	attention	to	the	data	type	for	each	variable,	w e	can	determ ine	w hether	any	error
has	occurred	in	the	inform ation	loading.	C onsidering	that	the	variables	Sepal.Length,
Sepal.Width,	Petal.Length,	Petal.Width	correspond	to	m easurem ents	in	centim eters,
w e	know 	their	type	m ust	be	num eric	or	num	as	reflected	in	the	str	function.

C onsidering	this	type	of	error	happens	frequently,	w e	w ill	sim ulate	an	incorrect	loading	of
data	to	allow 	you	to	be	clear	about	how 	you	can	notice	and	correct	this	problem 	in	the
early	stages	of	exploration.

W e	w ill	reload	the	iris.csv	data	file	w rongly,	using	the	follow ing	instruction:

#	Read	incorrectly	the	iris.csv	file

BadIris	<-	read.table("iris.csv",	header	=	TRUE,	sep	=	",",	

				dec	=	",",	row.names	=	1)

class(BadIris)

N otice	that	the	code	w e’re	using	is	alm ost	identical	to	the	original	code	that	w e	used
earlier	to	read	and	load	data	to	data.frame	Iris.	H ow ever,	if	you	observe	carefully,	w e
have	m istaken	(on	purpose)	the	decim al	separator	dec	=	","	indicating	a	com m a	instead
of	a	decim al	point	as	w ould	have	been	correct:

#	Compactly	Display	the	Structure	of	an	Arbitrary	R	Object

str(BadIris)

	'data.frame':	150	obs.	of		5	variables:

	$	Sepal.Length:	Factor	w/	35	levels	"4.3","4.4","4.5"	...

	$	Sepal.Width	:	Factor	w/	23	levels	"2","2.2","2.3",...

	$	Petal.Length:	Factor	w/	43	levels	"1","1.1","1.2",..

	$	Petal.Width	:	Factor	w/	22	levels	"0.1","0.2","0.3",...

	$	Species					:	Factor	w/	3	levels	"setosa","versicolor",..:	1	1	1	1	1	1	1	

1	1	1…

Everything	looks	very	sim ilar.	W e	have	a	data	fram e	of	150	observations	w ith	5	variables
each,	w hose	nam es	are	Sepal.Length,	Sepal.Width,	Petal.Length,	Petal.Width.
H ow ever,	w e	actually	sim ulated	m aking	a	m istake,	using	an	incorrect	decim al	separator	in
the	instruction	for	the	data	load.

A s	you	m ay	have	noticed,	the	data	types	of	variables	have	changed,	even	though	w e	know
that	these	variables	store	inform ation	about	m easurem ents	in	centim eters,	the	instruction
str(BadIris)	indicates	that	the	data	type	of	those	variables	is	Factor,	the	type	assigned
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to	indicate	that	the	stored	data	corresponds	to	a	qualitative	variable.

In	short,	although	the	data	looks	structurally	sim ilar	and	looks	like	num bers	at	first	sight,
the	data	type	is	the	best	indicator	to	verify	it,	and	in	this	exam ple,	the	type	of	the	loaded
data	does	not	m atch	w hat	is	expected	from 	the	Iris	dataset.

If	it	had	not	been	a	sim ulated	m istake,	at	this	point,	the	right	decision	w ould	be	to	reload
the	data,	correcting	the	problem 	of	the	decim al	separator	and	verifying	through	the	str
function	that	data	types	associated	to	the	variables	correspond	to	the	num eric	type,	since
any	exploration	that	w e	could	do	about	them 	in	their	current	status	w ould	be	useless.

Tip
C onsidering	its	efficiency,	the	str()	com m and	is	very	safe	to	use,	although	w e	are
w orking	w ith	a	very	large	dataset.

W e	w ill	return	to	our	exam ple	w ith	data	properly	loaded	in	the	data.frame	Iris.

W hen	w e	have	review ed	the	structure	of	the	data,	it	m ay	be	valuable	to	see	how 	it	behaves
w ith	regards	to	the	initial	portion	and	the	final	portion.

The	first	look	at	the	values	could	help	us	to	know 	w hether	the	data	w as	loaded	properly	or
w hether	it	has	obvious	problem s,	and	for	this	w e	w ill	use	the	functions	head	and	tail:

#	head	returns	the	first	parts	of	a	vector,	matrix,	table,

#	data	frame	or	function

head(Iris[1:4],5)	

		Sepal.Length	Sepal.Width	Petal.Length	Petal.Width

1										5.1									3.5										1.4									0.2

2										4.9									3.0										1.4									0.2

3										4.7									3.2										1.3									0.2

4										4.6									3.1										1.5									0.2

5										5.0									3.6										1.4									0.2

#	tail	returns	the	last	parts	of	a	vector,	matrix,	table,

#	data	frame	or	function

tail(Iris[1:4],5)

				Sepal.Length	Sepal.Width	Petal.Length	Petal.Width

146										6.7									3.0										5.2									2.3

147										6.3									2.5										5.0									1.9

148										6.5									3.0										5.2									2.0

149										6.2									3.4										5.4									2.3

150										5.9									3.0										5.1									1.8

The	instructions	head	and	tail	can	receive	as	param eters	the	am ount	of	lines	above	or
below 	the	dataset	that	w e	w ant	to	see.	In	our	exam ple	w e	have	used	five	lines.

N otice	also	that	through	the	instruction	Iris	[1:	4]	w e	are	indicating	to	R 	that	w e	only
require	row s	1	to	4	to	be	displayed,	nam ely,	num eric	variables.

This	consideration	does	not	relate	only	to	the	use	of	functions	head	or	tail.	W e	only	w ant
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to	show 	that	they	can	use	portions	of	the	dataset	as	required,	w hile	both	argum ents	are
com pletely	optional.

A pparently,	there	is	no	data	problem ,	considering	there	are	no	inform ation	w ith
unexpected	form ats	either	at	the	beginning	or	the	final.

A lso,	w e	can	see	that	apparently,	the	variables	possess	appropriate	types	according	the	str
function,	w e	can	conclude	that	the	data	w as	w ell	loaded	and	at	least	has	no	visible
im purities,	and	w e	also	have	a	visual	idea	of	the	form 	and	content	of	the	dataset.

A nother	im portant	aspect	that	w e	recom m end	is	to	explore	the	recount,	for	exam ple,
Setosa	=	50	and	versicolor	=	50.	This	w ill	give	us	an	idea	of	w hether	they	are	m issing
observations,	assum ing,	of	course,	that	w e	are	aw are	of	the	num ber	of	observations	that
should	have	our	w orking	dataset.	In	our	case,	w e	know 	that	the	Iris	data	should	have	50
observations	of	each	type	and	it	is	som ething	that	should	be	validated.

To	m ake	this	validation,	it	is	possible	to	use	the	table()	function	to	build	a	table	quickly:

#"table"	uses	the	cross-classifying	factors	to	build	a	contingency	table	of	

the	counts	at	each	combination	of	factor	levels

names(Iris)	#	Return	the	columns	Names	for	Information

[1]	"Sepal.Length"	"Sepal.Width"		"Petal.Length"

[4]	"Petal.Width"		"Species"

table(Iris$Species)	#	Build	the	table

setosa	versicolor		virginica

50									50									50

The	preceding	table	indicates	that	the	dataset	has	50	plants	from 	each	of	three	types	of
flow er,	a	total	of	150	observations,	w hich	m atches	w hat	w e	knew 	previously	about	the	Iris
dataset.	If	this	is	not	the	case	and	the	table	had	a	different	distribution	of	observations,
there	is	a	high	probability	w e	w ould	have	a	loading	data	error	or	an	error	in	the	file	source
of	the	inform ation,	the	iris.csv.

The	previous	exam ple	m ay	seem 	very	sim ple	and	could	lead	you	to	undervalue	the
usefulness	of	the	table()	function.	Suppose	w e	are	interested	in	a	table	w ith	the
frequency	of	the	Sepal.Width	variable,	you	could	use	the	follow ing	instruction	to	set	up:

#	Return	the	columns	Names	for	reference

names(Iris)	

[1]	"Sepal.Length"	"Sepal.Width"		"Petal.Length"	"Petal.Width"		"Species"	

				

#	Build	the	table	grouping	observations	by	sepal	width

as.data.frame(table(Iris$Sepal.Width))

			Var1	Freq

1					2				1

2			2.2				3

3			2.3				4

4			2.4				3

5			2.5				8

www.EBooksWorld.ir



6			2.6				5

7			2.7				9

8			2.8			14

9			2.9			10

10				3			26

11		3.1			11

12		3.2			13

13		3.3				6

14		3.4			12

15		3.5				6

This	table	corresponds	to	a	frequency	table	that	groups	the	observations	according	to	the
am ount	of	centim eters	in	Sepal.Width	and	gives	us	inform ation	for	better	understanding
of	the	dataset.

For	exam ple,	w e	can	see	that	there	is	a	higher	density	of	observations	betw een	2.8	and
3.2	cm 	in	relation	to	the	low er	grades.

N ote
The	use	of	the	as.data.frame	instruction	is	not	indispensable.	In	the	exam ple,	it	is	used
to	force	the	result	to	behave	as	an	object	of	type	data.frame,	w hich	has	the	advantage	that
the	resulting	grids	are	displayed	vertically.

C ontinuing	w ith	the	exploration	of	the	Iris	dataset,	w e	can	use	other	functions	to	m eet	the
distribution	and	position	of	the	data	that	is	in	it.	To	do	this,	there	is	a	very	interesting
function	called	summary:

#	Generic	function	used	to	produce	result	summaries	of	the

#	results	of	various	model	fitting	functions

summary(Iris)

		Sepal.Length				Sepal.Width					Petal.Length		

	Min.			:4.300			Min.			:2.000			Min.			:1.000		

	1st	Qu.:5.100			1st	Qu.:2.800			1st	Qu.:1.600		

	Median	:5.800			Median	:3.000			Median	:4.350		

	Mean			:5.843			Mean			:3.057			Mean			:3.758		

	3rd	Qu.:6.400			3rd	Qu.:3.300			3rd	Qu.:5.100		

	Max.			:7.900			Max.			:4.400			Max.			:6.900		

		

Petal.Width										Species		

	Min.			:0.100			setosa				:50		

	1st	Qu.:0.300			versicolor:50		

	Median	:1.300			virginica	:50		

	Mean			:1.199																		

	3rd	Qu.:1.800																		

	Max.			:2.500

This	function	displays	im portant	inform ation	about	the	distribution	of	data.	In	the	case	of
the	num eric	variables,	it	details	the	m inim um 	value,	m axim um 	value,	the	arithm etic	m ean,
the	first	and	third	quartiles,	the	m edian,	and	im plicitly	interquartile	range.	In	the	case	of
qualitative	variables	or	factors,	as	is	the	case	of	the	species	variable,	the	function	show s	a
count	for	each	of	the	available	categories	or	factors.
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N ow ,	w e	can	say	that	w e	know 	the	Iris	dataset	better,	but	if	w e	go	a	little	beyond	the	basic
R 	package,	w e	could	use	som e	very	interesting	libraries	for	that	additional	im portant
inform ation	for	exploration,	or,	at	least,	to	represent	other	form s	of	sum m arization	of	the
inform ation.	For	exam ple:

The	package	Hmisc	contains	m any	functions	useful	for	data	analysis,	high-level	graphics,
utility	operations,	functions	for	com puting	sam ple	size	and	pow er,	im porting	and
annotating	datasets,	im puting	m issing	values,	advanced	table	m aking,	variable	clustering,
character	string	m anipulation,	conversion	of	R 	objects	to	LaTeX 	code,	and	recoding
variables.

The	follow ing	is	an	exam ple	using	the	Hmisc	package:

#	describe"	determines	whether	the	variable	type

#	and	prints	a	concise	statistical	summary

#	according	to	each.

suppressWarnings(

										suppressMessages(if

suppressWarnings(suppressMessages(if	(!require(Hmisc))	

install.packages("Hmisc")))

library("Hmisc")

describe(Iris)

The	output	w ill	be	as	follow s:

This	function	returns	a	table	w ith	inform ation	for	each	variable.	In	the	exam ple	show n,
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describe()	for	num eric	variables,	show s	the	recount	of	observations,	the	num ber	of	null
values,	the	am ount	of	unique	values,	the	five	low er	values,	the	five	highest	values,	the
m ean,	m edian	and	percentile	5,	10,	25,	50,	75,	90,	95th.	In	the	case	of	qualitative
variables,	for	exam ple	the	variable	species,	the	function	show ing	the	num ber	of	m issing
values,	the	num ber	of	unique	values,	the	overall	count,	and	the	percentage	distribution	for
each	factor.

A nother	very	useful	function	for	generating	num erical	data	sum m arization	is	basicStats.
W e	need	to	install	the	package	fBasics.	The	follow ing	is	an	exam ple	on	R 	console:

#	"fBasics"	Returns	a	data	frame	with	the	following	entries	and	row	names:	

nobs,	NAs,	Minimum,	Maximum	,	1.	Quartile,	3.	Quartile,	Mean,	Median,	Sum,	

SE	Mean,	LCL	Mean,	UCL	Mean,	Variance,	Stdev,	Skewness,	Kurtosis.

#	Load	or	install	the	package	

suppressWarnings(

										suppressMessages(if

																										(!require(fBasics))

																										install.packages("fBasics")))

	library("fBasics")

#	Apply	the	function	to	all	variables

	lapply(Iris[1:4][,c(1:4)],	basicStats)

$Sepal.Length

															X…X.i

nobs								150.000000

NAs											0.000000

Minimum							4.300000

Maximum							7.900000

1.	Quartile			5.100000

3.	Quartile			6.400000

Mean										5.843333

Median								5.800000

Sum									876.500000

SE	Mean							0.067611

LCL	Mean						5.709732

UCL	Mean						5.976934

Variance						0.685694

Stdev									0.828066

Skewness						0.308641

Kurtosis					-0.605813

$Sepal.Width

															X…X.i

nobs								150.000000

NAs											0.000000

Minimum							2.000000

Maximum							4.400000

1.	Quartile			2.800000

3.	Quartile			3.300000

Mean										3.057333

Median								3.000000

Sum									458.600000

SE	Mean							0.035588

LCL	Mean						2.987010

UCL	Mean						3.127656
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Variance						0.189979

Stdev									0.435866

Skewness						0.312615

Kurtosis						0.138705

To	conclude	w ith	the	sum m arization	functions,	w e	can	m ake	use	of	the	stat.desc()
function	of	the	pastecs	library:

#stat.desc	Compute	a	table	giving	various	descriptive	statistics	about	the	

variables	in	a	data	frame

suppressWarnings(

										suppressMessages(if

																										(!require(pastecs))

																										install.packages("pastecs")))

	library("pastecs")

		

	stat.desc(Iris[1:4])

The	output	w ill	be	as	follow s:

The	package	stat.desc	returns	som e	basic	statistics:

The	num ber	of	values	(nbr.val),	the	num ber	of	null	values	(nbr.null),	the	num ber	of
m issing	values	(nbr.na),	the	m inim al	value	(min),	the	m axim um 	value	(max),	the	range
(range,	that	is,	m ax-m in),	and	the	sum 	of	all	non-m issing	values	(sum).

A dditionally,	it	returns	various	descriptive	statistics:	the	m edian	(median),	the	m ean
(mean),	the	standard	error	(SE.mean),	the	confidence	interval	(CI.mean),	the	variance	(var),
the	standard	deviation	(std.dev),	and	the	variation	coefficient	(coef.var).
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E xploring	data	by	basic	visualization
In	the	first	part	of	this	chapter,	w e	covered	som e	functions	in	R 	to	perform 	exploratory
data	analysis.	H ow ever,	as	you	w ill	have	noticed,	w e	did	not	cover	the	graphic	m ode
topic.	G raphical	analysis	is	very	im portant	because	m ost	people	understand	inform ation
better	w ith	the	help	of	a	layout	display.

It	is	im portant	to	differentiate	betw een	exploratory	and	final	visualizations.	The	first	ones
are	usually	sim ple	graphics	and	are	m ade	very	quickly.	G enerally,	they	are	created	for	our
ow n	understanding	about	inform ation.	O n	the	other	hand,	the	final	visualizations	are	those
that	are	constructed	for	presentation	and	thus	take	m uch	m ore	w ork	and	details

For	exploratory	visualizations,	the	base	m odule	of	R 	is	usually	enough,	w hile	for	final
visualizations,	w e	could	take	advantage	of	specialized	packages	like	ggplot2	or	lattice.
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H istogram s
A 	histogram 	is	a	graphical	representation	of	the	distribution	of	a	num eric	variable	and	a
very	useful	chart	w hen	you	w ant	to	observe	and	try	to	understand	the	full	distribution	of
the	data.	The	inform ation	is	displayed	in	the	form 	of	bars,	w here	the	surface	of	each	bar	is
proportionate	to	the	frequency	of	the	values	represented.

In	R ,	w e	can	build	a	histogram 	as	follow s:

#	Set	an	array	of	two	plots	in	one	column

par(mfrow	=	c(2,	1),	mar	=	c(4,	4,	2,	1))

#	Build	a	Histogram	of	Sepal.Length

hist(Iris$Sepal.Length)

#	Build	the	same	Histogram	but	setting	brakes	to	50

hist(Iris$Sepal.Length,breaks=50)

B y	default,	the	hist	function	autom atically	sets	the	num ber	of	categories	or	bars,	in	the
histogram ,	depending	on	the	density	of	the	data.	H ow ever,	if	you	w ish	to	m odify	that
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feature,	you	can	use	the	param eter	breaks,	as	w e	did	in	the	previous	exam ple.

R 	is	very	pow erful	w ith	regard	to	the	m anipulation	that	can	be	carried	out	in	the	graphs	w e
build.	For	exam ple,	in	the	preceding	histogram ,	it	could	be	sufficient	for	an	exploration
graphic,	how ever,	it	m ay	not	be	adequate	for	a	final	graph.

For	exam ple,	the	follow ing	is	a	better	version	of	the	previous	histogram :

par(mfrow	=	c(1,	1),	mar	=	c(4,	4,	2,	1))

#	Prepare	data

x	<-	rbind(data.frame(dat	=	Iris[,	][,	"Sepal.Length"],	

				grp	=	"All"))

#	Build	a	basic	histogram

hs	<-	hist(x[x$grp	==	"All",	1],	main	=	"",	xlab	=	"Sepal.Length",	

				ylab	=	"Frequency",	col	=	"grey90",	ylim	=	c(0,	

								31),	breaks	=	"fd",	border	=	TRUE)

#	Plot	a	density	function

dens	<-	density(x[x$grp	==	"All",	1],	na.rm	=	TRUE)

y	<-	max(hs$counts)/max(dens$y)

lines(dens$x,	dens$y	*	y,	type	=	"l",	col	=	colorspace::rainbow_hcl(3)[3])

#	Adding	a	Rug	to	histogram

rug(x[x$grp	==	"All",	1])

#	Adding	a	Title

title(main	=	"Distribution	of	Sepal	Length",	sub	=	paste("Unsupervised	

Learning",	

				format(Sys.time(),	"%Y-%b-%d")))
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Even	better,	w e	can	use	a	specialized	package	for	achieving	better	quality,	w hich	is
im portant	if	w e	m ake	a	final	graphic,	for	exam ple:

#Load	or	install	the	packages	ggplot2	and	dplyr

suppressWarnings(suppressMessages(if	(!require(ggplot2))	

install.packages("ggplot2")))

suppressWarnings(suppressMessages(if	(!require(dplyr))	

install.packages("dplyr")))

library("ggplot2")

library("dplyr")

#Prepare	inputs	for	the	histogram

x	<-	range(with(Iris,	select(Iris[,	],	Sepal.Length)))

y	<-	(x[2]	-	x[1])/nclass.FD(with(Iris,	Iris[,	

				]$Sepal.Length))

#Build	the	histogram

object	<-	ggplot(with(Iris,	select(Iris[,	
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				],	Sepal.Length,	Species)),	aes(x	=	Sepal.Length))	+	

				geom_histogram(aes(y	=	..density..),	

								binwidth	=	y,	fill	=	"grey",	colour	=	"black")	+	

				geom_density(aes(colour	=	Species))	+	

				xlab("Sepal.Length")	+	ggtitle("Distribution	of	Sepal.Length\nby	

Species")	+	

				labs(colour	=	"",	y	=	"Density")

#Print	de	object

print(object)

U sing	these	libraries	w e	can	get	a	m uch	better	graphic	finish,	but,	besides	that,	it	is
considered	good	practice	to	show 	com parisons.	In	the	follow ing	chart,	a	histogram 	is
constructed,	but	all	three	types	are	com pared	in	relation	to	the	plotted	variable,	in	this	case
Sepal.Length:
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B arplots
B ar	charts	are	used	to	perform 	sim ple	com parisons;	for	exam ple,	they	are	useful	to
represent	categorical	data.	A s	in	the	histogram ,	the	length	of	the	bars	is	proportional	to	the
variable	data	being	represented.

In	the	follow ing	exam ple,	w e	w ill	alter	the	size	of	the	w orking	set	data	to	appreciate	a
difference	betw een	the	bars.

In	the	console	of	R ,	w e	can	build	a	bar	graph	as	follow s:

#	This	section	of	code	changes	the	size	of	the	Iris

#	dataset	only.		

#	This	is	done	by	a	sample

to	obtain	reproducible	results

set.seed(42)

#	Making	sample

nobs	<-	nrow(Iris)		#	150	observations	

sample	<-	train	<-	sample(nrow(Iris),	0.7	*	nobs)		#	105	observations

Iris.Sample	<-	(Iris[sample,	])

#	Load	or	install	the	gplots	package

suppressWarnings(suppressMessages(if	(!require(gplots))	

install.packages("gplots")))

library("gplots")

#	Preparing	data

x	<-	rbind(summary(na.omit(Iris.Sample$Species)))

ord	<-	order(x[1,	],	decreasing	=	TRUE)

#	Build	the	barplot

bp	<-	barplot2(x[,	ord],	beside	=	TRUE,	ylab	=	"Frequency",	

				xlab	=	"Species",	ylim	=	c(0,	44),	col	=	colorspace::rainbow_hcl(4))

text(bp,	x[,	ord]	+	3,	x[,	ord])

#	Adding	a	title

title(main	=	"Distribution	of	Species	(Sample)")
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B oxplots
B oxplots	are	representations	based	on	quartiles,	like	the	histogram ,	and	their	function	is	to
display	a	set	of	data.	They	consist	of	a	rectangle	(box)	and	tw o	arm s	(w hiskers).

B oxplots	provide	inform ation	about	the	m inim um 	values,	m axim um 	values,	quartiles,	the
distribution	skew ness,	and,	very	im portantly,	the	existence	of	outliers	in	the	distribution.

A n	outlier	is	an	observation	point	that	is	rem ote	from 	other	observations.	If	Q 1	and	Q 3	are
the	low er	and	upper	quartiles,	respectively,	then	w e	can	define	an	outlier	to	be	any
observation	outside	the	range:

W here	k	is	a	non-negative	constant,	generally	k= 	1.5	is	used	for	a	slight	atypical	and	k= 3
is	used	for	get	an	extrem e	atypical.

W e	can	create	a	boxplot	in	R 	as	follow s:

#	Build	the	boxplot	from	Sepal.Length	by	species

boxplot(Sepal.Length	~	Species,	data	=	Iris,	ylab	=	"Sepal	Length	

(cm)",main	=	"Iris	Data	Set",	boxwex	=	0.5,	col	=	

colorspace::rainbow_hcl(4))

In	the	preceding	chart,	w e	can	see	a	low er	outlier	in	virginica	plant	type.	H ow ever,	the
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chart	itself	does	not	show 	us	the	detail	of	outlier,	only	its	representation	in	the	plane.

W ith	the	follow ing	trick,	w e	can	draw 	observations	on	the	outliers:

#	Load	or	install	the	package	car

suppressWarnings(suppressMessages(if	(!require(car))	

install.packages("car")))

library("car")

#	Identify	the	Outliers	and	save	them	in	object

#	named	Outliers

Outliers	<-	(Boxplot(Sepal.Length	~	Species,	data	=	Iris,	

				id.method	=	"y",	col	=	colorspace::rainbow_hcl(4)))

#	Consult	the	outliers	detected

Outliers

[1]	"107"

Iris[Outliers,1:4]

				Sepal.Length	Sepal.Width	Petal.Length	Petal.Width

107										4.9									2.5										4.5									1.7

A s	can	be	observed,	the	outlier	is	located	on	the	observation	identified	by	num ber	107	in
the	dataset,	w hose	value	is	4.9	for	Sepal.Length.

If	you	w ant	to	check	it,	w e	can	separate,	in	the	data,	w hich	observations	correspond	to	the
virginica	species	and	generate	a	sum m ary:

#	Subset	the	data	set	by	species=	Virginica

virginica<-Iris[which(Iris$Species=='virginica'),]

#	Summarization	by	Sepal.Length

summary(virginica$Sepal.Length)

			Min.	1st	Qu.		Median				Mean	3rd	Qu.				Max.	

		4.900			6.225			6.500			6.588			6.900			7.900	

The	value	found	in	row 	107	corresponds	to	an	outlier	because	in	this	type	of	plant,	these
variable	values	are	m uch	higher,	in	fact	4.9	is	the	m inim um 	value.

Finally,	if	w e	w ant	to	generate	a	boxplot	for	filing	a	final	chart,	w ith	m ore	quality
finishing,	w e	can	use	the	ggplot2	library:

#	Load	or	install	the	package	ggplot2

suppressWarnings(suppressMessages(if	(!require(ggplot2))	

install.packages("ggplot2")))

library("ggplot2")

#	Build	the	Box	Plot	for	Sepal.Width

p	<-	ggplot(with(Iris,	Iris[,	]),	aes(y	=	Sepal.Width))

www.EBooksWorld.ir



p	<-	p	+	geom_boxplot(aes(x	=	"All"),	notch	=	TRUE,	

				fill	=	"grey")

p	<-	p	+	stat_summary(aes(x	=	"All"),	fun.y	=	mean,	

				geom	=	"point",	shape	=	8)

p	<-	p	+	geom_boxplot(aes(x	=	Species,	fill	=	Species),	

				notch	=	TRUE)

p	<-	p	+	stat_summary(aes(x	=	Species),	fun.y	=	mean,	

				geom	=	"point",	shape	=	8)

p	<-	p	+	xlab("Species\n\nUnsupervised	Learning")

p	<-	p	+	ggtitle("Distribution	of	Sepal.Width\nby	Species")

p	<-	p	+	theme(legend.position	=	"none")

print(p)
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Special	visualizations
This	is	not	a	book	about	visualizations.	H ow ever,	visualizations	are	an	indispensable	tool
for	exploratory	analysis,	w hich,	itself,	is	an	essential	stage	in	a	process	of	unsupervised
learning.

G iven	the	above,	it	is	considered	im portant	to	at	least	introduce	a	library	that	w ill	be	very
useful	for	both	kinds	of	visualizations:	the	exploration	plots	used	in	the	exploration	phase
and	for	the	final	plots	used	in	the	presentation	of	results,	the	lattice	library.

To	m ake	it	easy	for	you,	determ ine	the	lattice	potential.	W e	w ill	w ork	in	this	exam ple	w ith
a	different	dataset	that	com es	w ith	R ,	the	state.x77	dataset:

#	"state.x77"	=	matrix	with	50	rows	and	8	columns

#	giving	some	#	statistics	in	the	respective

#	columns.		In	this	example:

#	Income:	per	capita	income	(1974)	and	HS	Grad:

#	percent	high-#	school	graduates	(1970)

#	Clean	the	environment	for	work

rm(list	=	ls(all	=	TRUE))

#	Load	or	install	the	package	lattice

suppressWarnings(suppressMessages(if	(!require(lattice))	

install.packages("lattice")))

library("lattice")

#	Build	a	data	frame	from	state.x77	adding

#	state.name	and	state.region	columns

state	<-	data.frame(state.x77,	state.name	=	dimnames(state.x77)[[1]],	

				state.region	=	state.region)

#	Check	the	head	of	data	set

head(state)

#	Build	the	XY	Plot	by	HS.Grad	and	Income	grouping	by	state

xyplot(HS.Grad	~	Income	|	state.region,	data	=	state,	

				groups	=	state.name,	panel	=	function(x,	y,	subscripts,	

								groups)	ltext(x	=	x,	y	=	y,	label	=	groups[subscripts],	

								cex	=	1,	fontfamily	=	"HersheySans"))

This	graphic	is	very	interesting	because	it	allow s	us	to	relate	tw o	variables	separately	for
four	regions,	and	locate	the	nam e	of	the	state	in	the	corresponding	quadrant,	w hich
sum m arizes	a	lot	of	inform ation.	Furtherm ore,	the	level	of	the	visual	quality	of	the	lattice
library	allow s	us	to	use	it	to	build	exploratory	visualizations	or	to	build	final
visualizations.

www.EBooksWorld.ir



In	addition	to	the	large	num ber	of	options	contained	in	the	lattice	library,	w e	can	also
use	a	resource	base	package	R .	It	could	be	be	interesting	to	build	Scatterplot	M atrices,	as
long	as	the	dataset	is	not	too	com plex.

#A	matrix	of	scatterplots	is	produced

pairs(Iris[1:3],	main	=	"Anderson's	Iris	Data—3	species",

pch	=	c(21),		cex	=	2,bg	=	c("red","green3","blue")[unclass(iris$Species)])		
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This	graphics	array	can	be	interesting	because	it	com pares,	at	the	sam e	tim e,	the	behavior
of	all	the	com binations	of	variables	separately	for	each	type	of	observation.
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E xploring	relations	in	data
A nalyzing	the	correlation	betw een	variables	is	a	fundam ental	aspect	in	the	exploration
phase.	W e	need	to	consider	that	m any	m odels	necessarily	assum e	independence	of
variables	and	determ ine	the	m agnitude	and	direction	in	w hich	they	relate.

The	correlation	is	a	statistical	technique	that	aim s	to	indicate	the	strength	and	direction	of
the	relationship	betw een	tw o	variables,	determ ining	w hether	one	system atically	varies
depending	on	the	other.

R 	has	functions	for	calculating	a	correlation	m atrix	betw een	variables:

#	Create	the	data.frame	Iris

data(iris)

Iris<-iris

#	Load	or	Install	the	library	Ellipse

suppressWarnings(suppressMessages(if	(!require(ellipse))	

install.packages("ellipse")))

library("ellipse")

#	Build	the	correlations	Matrix

corr	<-	cor(Iris[,	-5])

#	Print	the	correlations	Matrix

corr

													Sepal.Length	Sepal.Width	Petal.Length	Petal.Width

Sepal.Length				1.0000000		-0.1175698				0.8717538			0.8179411

Sepal.Width				-0.1175698			1.0000000			-0.4284401		-0.3661259

Petal.Length				0.8717538		-0.4284401				1.0000000			0.9628654

Petal.Width					0.8179411		-0.3661259				0.9628654			1.0000000

N ote
N ote	that	the	correlation	coefficient	varies	betw een	–1	and	1,	w herein	the	first	im plies	a
perfect	inverse	correlation	and	the	second	a	perfect	direct	correlation.

A bout	their	interpretation,	the	diagonal	of	the	m atrix	is	alw ays	1	because	that	is	w here
each	variable	row 	intersects	w ith	m irror	colum ns.

Each	variable	in	the	row s	that	are	calculated	correlate	w ith	the	variables	in	the	colum ns.
For	exam ple,	if	w e	need	to	know 	the	correlation	betw een	Petal.Width	and	Petal.Length,
w e	have	to	look	at	the	intersection	row 	4	and	colum n	4	of	the	table,	storing	a	correlation	of
0.9628654,	im plying	a	very	high	positive	correlation.

In	the	Iris	dataset,	as	you	w ould	expect,	there	are	strong	correlations.

A nalyzing	the	correlation	table	is	interesting	but,	it	is	also	possible,	and	som etim es	very
useful,	to	w ork	w ith	a	graphic	expression,	for	exam ple:

#	Load	or	install	the	library	ellipse

suppressWarnings(suppressMessages(if	(!require(ellipse))	

install.packages("ellipse")))

library("ellipse")
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#	Build	the	correlations	Matrix

corr	<-	cor(Iris[,	1:4])

#	Colour	the	ellipses	to	emphasize	the	differences.

colors	<-	c("#A50F15",	"#DE2D26",	"#FB6A4A",	"#FCAE91",	

				"#FEE5D9",	"white",	"#EFF3FF",	"#BDD7E7",	"#6BAED6",	

				"#3182BD",	"#08519C")

#	Plot	the	correlation	matrix	by	ellipses

plotcorr(corr,	col	=	colors)

The	plotcorr	function	plots	a	correlation	m atrix	using	ellipse-shaped	glyphs	for	each
entry.	The	ellipse	represents	a	level	curve	of	the	density	of	a	bivariate	norm al	w ith	the
m atching	correlation.

You	can	also	use	the	library	corrplot,	w hich	is	personally	m y	favorite,	because	it	has
m any	options	for	displaying	correlation	m atrices:

#	Load	or	install	the	package	corrplot

suppressWarnings(suppressMessages(if	(!require(corrplot))	

install.packages("corrplot")))

library("corrplot")

#	Set	a	color	Palette

col	<-	colorRampPalette(c("#BB4444",	"#EE9988",	"#FFFFFF",	

				"#77AADD",	"#4477AA"))

#	Plot	the	correlation	Matrix
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corrplot(corr,	method	=	"pie",	shade.col	=	NA,	tl.col	=	"black",	

				tl.srt	=	45,	col	=	col(200),	addCoef.col	=	"black",	

				order	=	"AOE")
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E xploration	by	end-user	interfaces
So	far	w e	have	seen	and	im plem ented	som e	exploration	tools	from 	the	R 	console.	A s	an
additional	value,	w e	w ill	show 	you,	very	briefly,	the	exploration	of	data	by	using	a	tool
that	brings	together	m any	features	related	to	data	m ining	from 	R ,	Togaw are	R attle.

To	enter	R attle,	w e	need	to	have	previously	installed	it.	Subsequently	you	need	to	type	the
follow ing	com m ands	from 	the	console:

#	Set	language	to	English

Sys.setenv(LANGUAGE="en")

#Load	Rattle	Package

suppressWarnings(suppressMessages(library(rattle)))

#	Load	visual	interface

rattle()	

N ote
For	m ore	details	about	R attle,	for	exam ple,	aspects	of	installation	or	use,	there	is	m uch
inform ation	available	online.	A lso,	you	can	consult	the	book	w ritten	by	its	creator,
G raham 	J.	W illiam s,	D ata	M ining	w ith	Rattle	and	R,	Springer.
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L oading	data	into	R attle
R attle	does	not	dem and	interaction	w ith	the	console.	It’s	a	good	w ay	to	begin	to	use	R 	or	it
can	help	us	to	m ake	a	quick	analysis	of	regular	sized	datasets.

To	load	the	Iris	dataset	from 	R attle:

1.	In	the	D ata	m enu,	using	the	file	selector,	w e	look	for	the	iris.csv	file.
2.	W e	assign	the	field	separator	and	decim al	separator	so	that	it	m atches	w ith	the

w orking	dataset.
3.	W e	press	the	E xecute	button	in	the	results	w indow ,	and,	as	a	result,	variables	are

loaded	and	the	data	type	is	displayed.
4.	In	order	to	visualize	the	data,	w e	can	use	the	V iew 	button.

This	can	be	seen	in	the	follow ing	screenshot:
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B asic	exploration	of	dataset	in	R attle
The	basic	exploration	options	are	found	in	the	E xplore	|	Sum m ary	m enu.	W e	sim ply
select	the	different	options	and	press	the	E xecute	button.	This	can	be	seen	in	the	follow ing
screenshot:
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E xploring	data	by	graphs	in	R attle
The	options	for	data	exploration	using	graphs	are	found	in	the	E xplore	|	D istributions
m enu.	W e	sim ply	select	the	different	options	and	press	the	E xecute	button.	R attle
proceeds	to	generate	histogram s	or	boxplots	displays.	This	can	be	seen	in	the	follow ing
screenshot:
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E xploring	relations	in	data	using	R attle
The	options	for	correlation	analysis	are	located	in	the	E xplore	|	C orrelations	m enu.	W e
sim ply	select	the	different	options	and	press	the	E xecute	button,	and	R attle	proceeds	to
generate	sum m arizations	and	visualizations.	This	can	be	seen	in	the	follow ing	screenshot:
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Sum m ary
In	this	chapter,	w e	discussed	the	im portance	of	exploratory	data	analysis.	W e	covered
som e	of	the	basic	data	m ining	techniques.	W e	began	w ith	loading	data	into	the	R
environm ent	and	subsequently	turned	to	the	basics	of	sum m arization.	From 	there,	w e
m oved	to	the	construction	of	exploratory	visualizations,	ending	w ith	correlation	analysis
and	graphic	expression.

A dditionally,	w e	briefly	m entioned	a	visual	interface	tool,	as	it	can	be	used	as	a	support
for	m aking	a	quick	analysis	w ithout	having	to	interact	w ith	the	R 	console	directly.

The	content	of	this	chapter	is	not	intended	to	be	exhaustive	or	exclusive.	There	are	m any
approaches,	tools,	and	techniques	that	can	be	used	in	the	exploratory	phase	of	analysis.
H ow ever,	w e	hope	that	it	w ill	help	you	to	create	a	style	or	at	least	know 	about	the	different
tools	available.

In	the	next	chapter,	w e	w ill	learn	about	one	of	the	m ost	used	techniques	in	unsupervised
learning— the	clustering	analysis.	Identifying	groups	can	discover	and	help	to	explain
som e	patterns	hiding	in	data;	and	it	is	frequently	the	solution	for	m any	problem s.
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C hapter	3.	Identifying	and	U nderstanding
G roups	–	C lustering	A lgorithm s
This	chapter	aim s	to	explain	one	of	the	m ost	used	techniques	in	unsupervised	learning,	the
C lustering	A nalysis.	Identifying	groups	can	uncover	and	help	to	explain	som e	patterns
hiding	in	data	and	it	is	frequently	the	answ er	for	m ultiple	problem s	in	m any	industries	or
contexts.	Finding	clusters	can	help	to	uncover	relationships	in	data,	w hich	can,	in	turn,	be
used	to	support	future	decisions.

It	is	considered	an	unsupervised	learning	technique	since	its	objective	is	to	find
relationships	betw een	study	variables,	but	not	the	relations	that	these	variables	m ay	have
in	relation	to	a	target	variable.

Typically,	the	application	of	clustering	techniques	involves	five	phases:	developing	a
w orking	dataset,	preprocessing	and	standardization	of	data,	finding	clusters	in	the	data,
interpreting	those	clusters,	and	finding	conclusions.

In	term s	of	this	book,	w e	have	to	start	at	stage	tw o,	since	these	kinds	of	techniques	are
heavily	influenced	by	the	state	of	the	data,	and	so	it	is	im portant	to	give	them 	som e
treatm ent	in	m ost	cases,	for	exam ple,	rescaling	variables,	or	dealing	w ith	m issing	values,
w hich	are	aspects	that	greatly	affect	the	outcom e.

A s	w e	have	seen	in	previous	chapters,	R 	is	a	program m ing	language	that	is	very	versatile
w ith	regard	to	data	m anagem ent	and	has	a	w ide	range	of	packages	for	m odeling.	In	this
chapter,	w e	w ill	discuss	som e	of	their	potential	in	relation	to	cluster	analysis.

W e	w ill	cover	the	follow ing	topics:

Transform ing	data
K -M eans	clustering
H ierarchical	clustering
C lustering	by	end-user	tools
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Transform ing	data
A ctually,	it	is	norm al	for	us	to	spend	a	lot	of	tim e	dealing	w ith	data.	In	fact,	w hen	data	is
good,	the	construction	of	m odels	that	w ill	respond	to	our	problem s	becom es	easier.

Indeed,	w hile	all	m odels	have	adjustable	param eters	to	im prove	perform ance,	w e	m ust
alw ays	consider	that	an	im provem ent	in	the	data	usually	has	a	positive	im pact	on	desired
outcom es.

C onsidering	that	clustering	m odels	w ork	w ith	distances,	they	are	especially	influenced	by
the	data	that	w e	use.	Therefore,	w e	have	included	this	section	of	the	book,	although	the
aspects	discussed	below 	can	be	applied	to	m any	different	m odels.

M oreover,	it	m akes	sense	to	take	a	look	at	this	topic	after	the	exploration	techniques	that
w e	saw 	in	C hapter	2,	W orking	w ith	D ata:	Exploratory	D ata	Analysis,	and,	as	usual,	in	the
exploratory	phase,	the	need	for	transform ation	is	detected.
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R escaling	data
W hichever	m odel	w e	use	w ill	assum e	different	things	about	the	data.	In	the	case	of
clustering	m odels,	it	is	very	im portant	that	data,	from 	the	different	num erical	variables,
expressed	on	a	sim ilar	scale.	W hen	distances	are	calculated,	if	the	units	are	very	different,
w e	cannot	get	proper	results.	For	exam ple,	if	w e	are	doing	an	analysis	related	to	a	group	of
people	and	w e	have,	am ong	other	data,	the	dollar	incom e	and	age	of	the	subjects,	a
variable	such	as	incom e	could	overshadow 	the	age	variable.	For	analysis,	20	years	of	age
m ay	be	m ore	im portant	than	a	$10,000	incom e.	H ow ever,	w hen	com pared	both	by
m easure	of	distances,	a	clustering	m odel	m ight	underestim ate	the	im portance	of	age.

In	order	to	m itigate	the	problem 	of	the	scale	of	the	data,	w e	can	use	m ethods	of
standardization.	The	standardization	is	the	process	of	adjusting	the	data	to	a	specific	range,
for	exam ple,	betw een	0	and	1	or	betw een	–1	and	1.	The	follow ing	graph	visually	explains
w hat	w ould	happen	in	a	transform ation	betw een	0	and	1:

Looking	at	the	previous	figure,	the	value	before	being	transform ed	is	located	betw een	a
m inim um 	and	a	m axim um 	value.	A 	norm alization	process	betw een	0-1	takes	place	and
these	becom e	the	new 	lim its:	a	m inim um 	value	of	0	and	a	m axim um 	value	of	1.	The	new
data	is	not	specified	in	the	original	unit	of	m easurem ent	but	still	m aintains	relationships
and	proportionality	betw een	them .

There	are	several	techniques	for	norm alization;	w e	w ill	see	som e	in	the	follow ing
sections.

R ecenter
The	recenter	perform s	a	standard	z-score	transform ation.	The	variable’s	m ean	value	is
subtracted	from 	each	value	and	each	one	is	then	divided	by	the	standard	deviation.	The
resulting	variable	w ill	have	a	m ean	of	0	and	a	standard	deviation	of	1:
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Let’s	see	how 	w e	can	m ake	a	norm alization	of	this	kind	in	R .	For	this,	w e	w ill	w ork	w ith	a
new 	dataset,	w hich	is	located	in	the	follow ing	package	of	C R A N :

Package:	Elem StatLearn
D ataset:	Prostate
D escription:

D ata	to	exam ine	the	correlation	betw een	the	level	of	prostate-specific	antigens	and
the	num ber	of	clinical	m easures	in	m en	w ho	are	about	to	receive	a	radical
prostatectom y.

Features:	lcavol	log	cancer	volum e,	lweight	log	prostate	w eight,	age	in	years,	lbph
log	of	the	am ount	of	benign	prostatic	hyperplasia,	svi	sem inal	vesicle	invasion,	lcp
log	of	capsular	penetration,	gleason	a	num eric	vector,pgg45	percent	of	G leason	score
4	or	5,	lpsa	response

#	Load	dataset	from	csv	file

#data	<-	read.table("prostate.csv",	header	=	TRUE,	#sep	=	",",	#dec	=	

".",row.names=1)	

#	Load	dataset	from	package	in	CRAN

	suppressWarnings(

									suppressMessages(if

																										(!require(ElemStatLearn))

																	install.packages("ElemStatLearn")))

	library("ElemStatLearn")

#	Create	a	data.frame	named	data

	

data(prostate)

data<-prostate[1:9]

N ote
For	convenience,	in	the	follow ing	exam ples,	w e	w ill	be	w orking	only	w ith	the	first	four
variables	of	the	dataset,	by	indexing	instructions	like	the	follow ing:
data	[1:	4]

O nce	the	data	is	loaded,	w e	can	use	the	library	scale	to	im plem ent	a	norm alization	of
them .	Scale:	Scaling	and	C entering	of	M atrix-like	O bjects:

	#	Show	the	head	of	dataset	Before	Recenter

	

	head(data[1:4])

						lcavol		lweight	age						lbph

1	-0.5798185	2.769459		50	-1.386294

2	-0.9942523	3.319626		58	-1.386294

3	-0.5108256	2.691243		74	-1.386294

4	-1.2039728	3.282789		58	-1.386294

5		0.7514161	3.432373		62	-1.386294

6	-1.0498221	3.228826		50	-1.386294
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The	previous	code	show s	the	original	dataset	for	the	four	selected	variables.	A s	show n,	the
differences	of	scale	are	im portant,	especially	in	the	case	of	the	variable	age:

	#	Using	the	scale	function	to	recenter	data

	recenter<-as.data.frame(scale(data[1:4]))

	#	Show	the	head	of	dataset	After	Recenter	

	

	head(recenter)

						lcavol				lweight								age						lbph

1	-1.6373556	-2.0062118	-1.8624260	-1.024706

2	-1.9889805	-0.7220088	-0.7878962	-1.024706

3	-1.5788189	-2.1887840		1.3611634	-1.024706

4	-2.1669171	-0.8079939	-0.7878962	-1.024706

5	-0.5078745	-0.4588340	-0.2506313	-1.024706

6	-2.0361285	-0.9339546	-1.8624260	-1.024706

A fter	transform ation,	the	variables	are	not	expressed	in	their	original	scales,	for	exam ple,
age	no	longer	displays	a	num ber	of	years.

To	m ake	it	interesting	w hile	perform ing	a	test,	w e	can	confirm 	that	the	transform ation
does	not	affect	the	relationship	betw een	the	variables:

	#	comparing	correlations	

	

	#	Data	before	transformation	

cor(data[1:4])

											lcavol			lweight							age						lbph

lcavol		1.0000000	0.2805214	0.2249999	0.0273497

lweight	0.2805214	1.0000000	0.3479691	0.4422644

age					0.2249999	0.3479691	1.0000000	0.3501859

lbph				0.0273497	0.4422644	0.3501859	1.0000000

#	Data	after	transformation

cor(recenter)

											lcavol			lweight							age						lbph

lcavol		1.0000000	0.2805214	0.2249999	0.0273497

lweight	0.2805214	1.0000000	0.3479691	0.4422644

age					0.2249999	0.3479691	1.0000000	0.3501859

lbph				0.0273497	0.4422644	0.3501859	1.0000000

It	m ay	be	considered	a	good	practice	to	keep	the	original	values	(before	transform ing)
w ithin	the	dataset.	This	can	be	done	in	m any	w ays,	and	one	w ay	is	as	follow s:

	#	Transform	variables	by	rescaling.	

	#	Rescale	lcavol

	data[["RRC_lcavol"]]	<-	data[["lcavol"]]

	

	#	Recenter	and	rescale	data

									data[["RRC_lcavol"]]	<-

																	scale(data[["lcavol"]])[,1]

	

	#	Rescale	lweight

									data[["RRC_lweight"]]	<-	data[["lweight"]]
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	#	Recenter	and	rescale	data

									data[["RRC_lweight"]]	<-

																	scale(data[["lweight"]])[,1]

									

	#	Show	the	original	and	recenter	together

	head(data[c('lcavol','RRC_lcavol','lweight',

													'RRC_lweight')])

						lcavol	RRC_lcavol		lweight	RRC_lweight

1	-0.5798185	-1.6373556	2.769459		-2.0062118

2	-0.9942523	-1.9889805	3.319626		-0.7220088

3	-0.5108256	-1.5788189	2.691243		-2.1887840

4	-1.2039728	-2.1669171	3.282789		-0.8079939

5		0.7514161	-0.5078745	3.432373		-0.4588340

6	-1.0498221	-2.0361285	3.228826		-0.9339546

Scale	[0-1]
A nother	m ethod	for	m ake	transform ation	is	the	Scale	[0-1]:	just	rescale	the	original	values
into	the	0-1	range.	This	is	done	by	subtracting	the	m inim um 	value	from 	the	variable’s
value	for	each	observation	and,	then,	dividing	by	the	difference	betw een	the	m inim um 	and
the	m axim um 	values:

If	w e	w ant	to	im plem ent	this	transform ation	m ethod,	w e	can	use	the	reshape	package,	in
particular	the	rescaler	function:

	#	Transform	variables	by	rescaling.	

	

	#Loading	or	installing	package	reshape

	suppressWarnings(

									suppressMessages(if

																										(!require(reshape,	quietly=TRUE))

																	install.packages("reshape")))

	library("reshape")

	

	#	Rescaling	data	to	Scale	[0-1]	using	reshape

	

dataR01<-rescaler(data,	"range")

	#	Comparing	original	vs	scaled

	tail(data[1:4])

					lcavol		lweight	age							lbph

92	2.532903	3.677566		61		1.3480732

93	2.830268	3.876396		68	-1.3862944

94	3.821004	3.896909		44	-1.3862944

95	2.907447	3.396185		52	-1.3862944

96	2.882564	3.773910		68		1.5581446
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97	3.471966	3.974998		68		0.4382549

	tail(dataR01[1:4])

						lcavol			lweight								age						lbph

92	0.7507582	0.5415392	0.52631579	0.7365109

93	0.8082970	0.6241964	0.71052632	0.0000000

94	1.0000000	0.6327240	0.07894737	0.0000000

95	0.8232309	0.4245640	0.28947368	0.0000000

96	0.8184160	0.5815911	0.71052632	0.7930944

97	0.9324629	0.6651870	0.71052632	0.4914484

A gain,	the	variables	change	the	scales	at	w hich	they	are	expressed.	H ow ever,	as	has	been
seen,	this	does	not	change	the	relationship	betw een	the	variables.

M edian/M A D
M edian/M A D 	is	a	robust	version	of	the	standard	recenter	transform .

The	m edian	value	is	subtracted	from 	each	value,	and	each	is	then	divided	by	the	m edian
absolute	deviation.	The	resulting	variable	w ill	have	a	m edian	of	0.

It	is	better	for	outliers	than	the	norm al	z-score:

The	function	is	included	in	the	reshape	package	and	its	use	is	very	sim ilar	to	the	previous
exam ple:

	#	Transform	variables	by	rescaling.	

	#Loading	or	installing	package	reshape

	suppressWarnings(

									suppressMessages(if

																										(!require(reshape,	quietly=TRUE))

																	install.packages("reshape")))

	library("reshape")

	#	Rescaling	data	to	Scale	[0-1]	using	reshape

	dataMAD<-rescaler(data,	"robust")

	

	#	Comparing	original	vs	scaled

	head(data[1:4])

						lcavol		lweight	age						lbph

1	-0.5798185	2.769459		50	-1.386294

2	-0.9942523	3.319626		58	-1.386294

3	-0.5108256	2.691243		74	-1.386294

4	-1.2039728	3.282789		58	-1.386294

5		0.7514161	3.432373		62	-1.386294

6	-1.0498221	3.228826		50	-1.386294
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	head(dataMAD[1:4])

						lcavol				lweight								age							lbph

1	-1.5809071	-2.2720412	-2.5293403	-0.6744908

2	-1.9041761	-0.8075634	-1.1803588	-0.6744908

3	-1.5270909	-2.4802427		1.5176042	-0.6744908

4	-2.0677635	-0.9056190	-1.1803588	-0.6744908

5	-0.5425101	-0.5074446	-0.5058681	-0.6744908

6	-1.9475220	-1.0492620	-2.5293403	-0.6744908

N atural	log
Transform ation	using	logarithm s	is	useful	w hen	the	dataset	contains	variables	w hose
distribution	has	a	high	skew ness	level	(asym m etry).	A 	good	exam ple	is	the	incom e	of	a
group	of	people:	If	w e	im agine	a	histogram 	of	incom e,	considering	that	m ost	people	earn
less	m oney	and	a	few 	earn	m uch	m ore,	that	distribution	w ould	have	a	substantial
skew ness,	caused	by	these	outliers.

It	is	im portant	to	consider	that	this	type	of	transform ation	can	cause	infinite	values	that
should	be	posteriorly	recoded.

Let’s	see	how 	this	transform ation	can	be	applied	in	R :

	#	LogN	transformation	for	Age	

	dataLogN	<-	log(data$age)

	#	Replace	Inf's

	dataLogN[dataLogN	==	-Inf]	<-	NA

	#	Comparing	original	vs	scaled

	

head(data$age)

[1]	50	58	74	58	62	50

head(dataLogN)

[1]	3.912023	4.060443	4.304065	4.060443	4.127134	3.912023
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Im putation	of	m issing	data
The	data	im putation	is	the	process	through	w hich	w e	proceed	to	replace	m issing	values	in
the	dataset	for	other	values	that	m ake	sense.	H ow ever,	it	is	very	im portant	to	understand
that	there	are	not	alw ays	valid	treatm ents	for	m issing	values.	M issing	values	exist	for
m any	reasons;	understanding	these	reasons	and	having	know ledge	of	the	data	is	w hat
allow s	providing	appropriate	treatm ent.

Z ero/M issing
This	uses	a	constant	value	to	replace	each	m issing	value	in	the	selected	variable(s).

For	exam ple,	this	can	be	a	good	choice	if	m issing	values	are	likely	to	indicate	a	0.

	#	we	will	create	a	new	variable	for	imputation	

	data[["Sons"]]	<-	round(data$age/10,0)-3

	data$Sons[data$Sons==4]<-NA

	

	#	Finding	the	missing	data	in	dataset

	

	NewData<-(data[c('age','Sons','lcavol','lweight')])

	head(NewData[!complete.cases(NewData),],10)

			age	Sons					lcavol		lweight

3			74			NA	-0.5108256	2.691243

14		67			NA		1.4770487	2.998229

16		66			NA		1.5411591	3.061052

17		70			NA	-0.4155154	3.516013

18		66			NA		2.2884862	3.649359

20		70			NA		0.1823216	3.825375

25		69			NA		0.3852624	3.667400

26		68			NA		1.4469190	3.124565

28		67			NA	-0.4004776	3.865979

29		67			NA		1.0402767	3.128951

	

	#	Zero/Missing	Imputation

	data$Sons[is.na(data$Sons)]	<-	0

		

	#	checking	missing	values

	head(data[!complete.cases(data),])

	[1]	lcavol		lweight	age					lbph				svi					lcp					gleason	

	<0	rows>	(or	0-length	row.names)

This	kind	of	im putation	w orks	w ell	in	a	case	in	w hich,	for	exam ple,	after	conducting	an
investigation,	w e	determ ined	that	the	m issing	values	in	the	num ber	of	children	actually
indicated	that	these	people	had	no	children,	in	w hich	case,	to	replace	m issing	values	by
zero	is	correct.

M ean	im putation
The	m ean	im putation	uses	the	m ean	of	the	variable	to	replace	each	m issing	value.

A n	im portant	aspect	to	consider	is	that	this	kind	of	im putation	is	not	alw ays	recom m ended
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as	it	could	change	the	variables	distribution	and,	hence,	result	in	poor	m odels.

N ote
Instead	of	using	the	m edia,	it	is	also	possible	to	use	the	m edian	or	the	m ode.	H ow ever,	this
should	be	used	very	carefully	since	this	kind	of	transform ation	changes	the	distribution	of
variables.

The	follow ing	is	an	exam ple	of	how 	the	im putation	of	the	m ean	values	is	perform ed	to
replace	m issing	values:

	#	we	will	create	some	missing	values	in	Age

	data(prostate)

	data<-prostate[1:9]

	data$age[data$age==68]<-NA

	

	#searching	the	missing	data	in	dataset

	NewData<-(data[c('age','lcavol','lweight')])

	head(NewData[!complete.cases(NewData),],10)

			age			lcavol		lweight

26		NA	1.446919	3.124565

39		NA	2.660959	4.085136

42		NA	1.442202	3.682610

48		NA	1.163151	4.035125

51		NA	1.091923	3.993603

54		NA	2.127041	4.121473

67		NA	2.022871	3.878466

76		NA	3.141130	3.263849

91		NA	3.246491	4.101817

93		NA	2.830268	3.876396

	

#	Mean	Imputation	in	Age

	data$age[is.na(data$age)]	<-	round(mean(data$age,	na.rm=TRUE),0)

	head(data[!complete.cases(data),],10)

[1]	lcavol		lweight	age					lbph				svi					lcp					gleason		

<0	rows>	(or	0-length	row.names)

Finally,	as	an	alternative	to	the	im putation	of	m issing	data,	if	w e	have	enough	data,	w e	can
decide	to	delete	the	data	w ith	m issing	values.	It’s	a	valid	approach	and	possibly	the	m ost
frequently	used.
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Fundam entals	of	clustering	techniques
C lustering	is	based	on	the	concepts	of	sim ilarity	and	distance,	w hile	proxim ity	is
determ ined	by	a	distance	function.	It	allow s	the	generation	of	clusters	w here	each	of	these
groups	consists	of	individuals	w ho	have	com m on	features	w ith	each	other.

O verall,	the	analysis	of	clusters	is	sim ilar	to	the	classification	m odels,	w ith	the	difference
that	the	groups	are	not	preset.	The	goal	is	to	perform 	a	partition	of	data	into	clusters	that
can	be	disjoint	or	not.

A n	im portant	point	in	clustering	techniques	is	that	the	groups	are	not	given	a	priori	and
this	im plies	that	the	person	doing	the	analysis	should	support	the	interpretation	of	the
groups	found.

There	are	m any	m ethods,	and	the	m ost	popular	are	based	on	H ierarchical	C lassification
and	dynam ic	clouds	or	K -M eans.
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T he	K -M eans	clustering
In	very	general	term s,	the	K -M eans	algorithm 	aim s	to	partition	a	set	of	observations	into
clusters	so	that	each	observation	belongs	to	the	cluster	that	possesses	the	nearest	m ean.

A lthough	it	is	a	com putationally	difficult	problem ,	there	are	very	efficient
im plem entations	to	quickly	find	the	local	optim um .	In	an	optim ization	problem ,	the
optim um 	is	the	value	that	m axim izes	or	m inim izes	the	condition	that	w e	are	looking	for.

G iven	a	set	of	observations	(X1,	X2,	… ,	XN ),	K -M eans	clustering	aim s	to	partition	the	N
observations	into	K 	(≤	N )	sets	S	= 	{S1,	S2,	… ,	Sk}	so	as	to	m inim ize	the	w ithin-cluster
sum 	of	squares	(W C SS):

The	intention	of	this	book	is	not	to	enter	in	deep	m athem atical	detail;	how ever,	it	is
im portant	to	understand	the	standard	algorithm ,	assum ing	that	w e	are	seeking	to	create
three	clusters,	that	is,	k	= 	3:

The	m ethod	of	Forgy	and	R andom 	partition	are	the	m ost	com m on	initialization
approaches.	Forgy	chooses	k	observations	from 	the	data	and	uses	these	as	the	initial
m eans.	The	m ethod	first	assigns	a	cluster	to	each	observation	at	random ,	then	proceeds	to
the	update	phase,	thereby	com puting	the	initial	m ean	to	becom e	the	centroid	of	the
cluster’s	random ly	assigned	points.	The	assignm ent	phase	is	also	referred	to	as	the
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expectation	phase,	and	the	update	phase	as	the	m axim ization	phase,	m aking	this	algorithm
a	variant	of	the	generalized	expectation	m axim ization	algorithm .

In	R ,	there	are	several	packages	that	allow 	us	to	use	K -M eans.	The	follow ing	is	an
im plem entation	using	the	Iris	dataset,	w hich	w e	already	w orked	in	the	previous	chapter:

	#	K	Means

	#	Load	the	Iris	dataset	(see	chapter	2	for	details)

		Iris<-iris

	

	#	Show	the	head	of	numerical	section	of	dataset

	head(Iris[1:4])

		Sepal.Length	Sepal.Width	Petal.Length	Petal.Width

1										5.1									3.5										1.4									0.2

2										4.9									3.0										1.4									0.2

3										4.7									3.2										1.3									0.2

4										4.6									3.1										1.5									0.2

5										5.0									3.6										1.4									0.2

6										5.4									3.9										1.7									0.4

	

	#	Build	the	K-Means	standard	model

	set.seed(42)

KM.Iris<-kmeans(Iris[1:4],	3,iter.max=1000,

algorithm	=	c("Forgy")	)

A t	this	point,	w e	have	created	a	m odel	for	K -M eans	clustering	and	that	is	stored	in	the
K M .Iris	object.	W e	can	see	som e	inform ation	about	the	outcom e:

	#	Get	some	information	about	the	model	built

	#	Size	of	clusters

	

KM.Iris$size

[1]	62	38	50

	

	#	Centers	of	clusters	three	clusters	by	variable

	KM.Iris$centers

		Sepal.Length	Sepal.Width	Petal.Length	Petal.Width

1					5.901613				2.748387					4.393548				1.433871

2					6.850000				3.073684					5.742105				2.071053

3					5.006000				3.428000					1.462000				0.246000

	

#	Table	with	Clusters	recounts	by	species

		table(Iris$Species,KM.Iris$cluster)

												

														1		2		3

		setosa						0		0	50

		versicolor	48		2		0

		virginica		14	36		0

W e	m ust	rem em ber	that	clustering	is	not	a	m ethod	for	classification.	In	fact,	w e	should	not
know 	the	species	m apped	in	the	Iris	dataset.	For	teaching	purposes,	they	are	com pared
here	to	see	how 	the	clustering	m odel	w orks.
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B ased	on	the	num erical	data	of	Iris,	m odel	K -M eans	builds	three	groups,	as	w e	indicated,
and	then	proceeds	to	classify	each	observation,	in	one	of	those	groups.	A ll	of	the	type
Setosa	w ere	assigned	to	group	3,	m ost	of	the	plants	in	group	2	are	type	Virginica,	and
group	1	has	had	assigned	all	plants	type	Versicolor	and	part	of	plants	type	Virginica.

It	is	interesting	to	plot	the	result.	This	allow s	for	a	better	appreciation	of	the	inform ation,
so	w e	m ust	reduce	the	dataset	to	be	represented	in	tw o	dim ensions:

#	Translate	into	a	two	dimensions	using	

#	Multidimensional	scaling.

Iris.dist	<-	dist(Iris[1:4])

Iris.mds	<-	cmdscale(Iris.dist)

#	Plot	points	in	2	dimensional	space

#	Open	a	multiple	plots	array

par(mfrow	=	c(1,	2))

#	Load	or	install	the	package	scatterplot3d

suppressWarnings(

								suppressMessages(if

																									(!require(scatterplot3d,	quietly=TRUE))

																install.packages("scatterplot3d")))

library("scatterplot3d	")

#	Set	the	characters	points	to	1,2,3	numbers

chars	<-	c("1",	"2",	"3")[as.integer(iris$Species)]

#	Plot	a	3d	Graphic	

g3d=scatterplot3d(Iris.mds,pch=chars)

g3d$points3d(Iris.mds,col=KM.Iris$cluster,pch=chars)

#	Plot	a	2d	Graphic	

plot(Iris.mds,	col	=	KM.Iris$cluster,	pch	=	chars,	xlab	=	"Index",	ylab	=	

"Y")
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The	graphic	expression	of	clusters	can	help	to	evaluate	w hether	the	result	m akes	sense.	If
w e	determ ine	that	it	does,	w e	can	also	include	the	results	of	cluster	analysis	in	the	original
dataset.	Then	w e	can	w ork	on	R 	or	also	export	it	to	other	tools:

	#	Add	cluster	to	original	dataset

	Iris.Cluster<-cbind(Iris,KM.Iris[1])

	

	head(Iris.Cluster[3:6])

	Petal.Length	Petal.Width	Species	cluster

1										1.4									0.2		setosa							3

2										1.4									0.2		setosa							3

3										1.3									0.2		setosa							3

4										1.5									0.2		setosa							3

5										1.4									0.2		setosa							3

6										1.7									0.4		setosa							3

The	K -M eans	function	requires	that	w e	properly	define	tw o	im portant	param eters:	the
num ber	of	clusters	that	it	is	convenient	to	use	and	the	type	of	the	function	algorithm 	to	be
used	to	establish	the	optim um .

D efining	the	num ber	of	clusters
O ne	of	the	m ost	frequent	questions	in	relation	to	the	use	of	K -M eans	is	the	definition	of
the	num ber	of	clusters	to	be	used.	C onsidering	the	im pact	that	this	can	have	on	the
outcom e	of	the	analysis	w e	do,	w e	w ill	dedicate	part	of	this	chapter	to	m ake	som e
recom m endations	about	how 	to	set	this	param eter.

R em em ber	that	the	goal	of	the	clustering	algorithm 	is	to	m inim ize	the	w ithin-cluster	sum
of	squares.

W e	can	m ake	a	first	approxim ation	using	current	com putational	capacity.	You	can	create	a
repeating	cycle	or	loop	that	generates	a	large	am ount	of	K -M eans	m odels,	in	w hich,	on
each	iteration,	the	value	of	K 	is	increased	by	1.

The	location	of	the	elbow 	in	the	resulting	plot	suggests	a	suitable	num ber	of	clusters	for
the	K -M eans:

#	30	K	Means	Loop

InerIC	=	rep(0,	30)

for	(k	in	1:30)	{

				set.seed(42)

				groups	=	kmeans(Iris[1:4],	k)

				InerIC[k]	=	groups$tot.withinss

}

plot(InerIC,	col	=	"blue",	type	=	"b")

abline(v	=	4,	col	=	"black",	lty	=	3)

text(4,	60,	"4	Clusters",	col	=	"black",	adj	=	c(0,	

				-0.1),	cex	=	0.7)
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The	preceding	graph	w orks	for	a	visual	approach.	A t	this	point,	w e	can	approxim ate	the
am ount	of	appropriate	clusters,	and	there	w ould	be	betw een	three	and	four	clusters,	w hich,
at	first,	seem s	to	m ake	sense,	given	w hat	w e	know 	of	the	Iris	dataset.

W e	can	use	m any	other	m ethods	individually;	how ever,	I	recom m end	the	use	of	a	package
that	integrates	30	m ethods	to	determ ine	the	optim al	num ber	of	clusters,	the	NbClust
package:

The	N bC lust	package	provides	30	indices	for	determ ining	the	num ber	of	clusters	and
proposes	to	the	user	the	best	clustering	schem e	from 	the	different	results	obtained	by
varying	all	com binations	of	num ber	of	clusters,	distance	m easures,	and	clustering
m ethods.

The	package	decided	by	voting	considers	all	indices	on	a	count,	as	the	num ber	of	clusters
that	each	m ethod	chosen	as	the	best	option,	so	that	the	num ber	of	clusters	having	m ore
frequently,	that	is,	w ho	receives	m ore	votes,	it	is	considered	the	best	option.

It’s	a	great	w ay	to	com pare	indices,	and	if	w e	do	not	w ant	to	use	the	package’s
recom m endation,	w e	can	reach	our	ow n	conclusions	w hen	using	the	inform ation	that	it
generates.

In	the	follow ing	w e	find	the	suggested	am ount	of	clusters,	directly	in	R ,	using	the	NbClust
package:

#	Load	or	install	the	NbClust	Package

suppressWarnings(suppressMessages(if	(!require(NbClust,	

				quietly	=	TRUE))	install.packages("NbClust")))

library("NbClust")

#	Load	the	dataset	Iris	and	assign	the	numerical

#	variables	to	a	new	data	frame	'data'.
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Iris	<-	iris

data	<-	Iris[,	-5]

#	Find	the	best	number	of	clusters	using	all

#	indices

Best	<-	NbClust(data,	diss	=	NULL,	distance	=	"euclidean",	

				min.nc	=	2,	max.nc	=	15,	method	=	"complete",	index	=	"alllong")

B y	default,	once	finalized,	the	NbClust	package	offers	a	sum m ary	of	the	m ain	results	of
the	vote	of	the	30	indices:

*************************************************************

*	Among	all	indices:

*	2	proposed	2	as	the	best	number	of	clusters	

*	15	proposed	3	as	the	best	number	of	clusters	

*	5	proposed	4	as	the	best	number	of	clusters	

*	1	proposed	6	as	the	best	number	of	clusters	

*	1	proposed	14	as	the	best	number	of	clusters	

*	3	proposed	15	as	the	best	number	of	clusters	

																			*****	Conclusion	*****

	*	According	to	the	majority	rule,	the	best	number	of	

clusters	is		3		

	

*************************************************************

A n	im portant	thing	to	note	in	the	preceding	exam ple	is	that	w e	use	a	w ide	range	of
clusters	w hen	w e	use	the	NbClust	function:	min.nc	=	2,	max.nc	=	15.	This	causes	a
m ore	distributed	voting.	H ow ever,	in	this	case,	55	percent	of	indices	vote	for	three
clusters,	w hich	w e	know 	is	right	for	the	Iris	dataset.

The	package	also	has	som e	graphical	indices.

The	H ubert	index	is	a	graphical	m ethod	for	determ ining	the	num ber	of	clusters,	and	in	a
H ubert	index	plot,	w e	seek	a	knee	that	corresponds	to	a	significant	increase	of	the	value	of
the	m easure:
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The	D 	index	is	a	graphical	m ethod	for	determ ining	the	num ber	of	clusters.	In	the	D 	index
plot,	w e	seek	a	significant	knee	that	corresponds	to	a	significant	increase	of	the	value	of
the	m easure:

In	addition	to	the	default	inform ation,	NbClust	stores	valuable	inform ation	in	the	object
being	created.	In	our	exam ple,	w e	call	that	object	as	Best.	For	exam ple,	if	w e	w ant	to	see
the	exact	count	of	the	vote	for	each	index,	w e	could	create	a	table	w hose	row s	show 	the
choice	of	each	index	in	relation	to	the	num ber	of	clusters:

	#Build	a	table	with	results	of	indices

table(names(Best$Best.nc[1,]),
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							Best$Best.nc[1,])

										

													0	1	2	3	4	6	14	15

		Ball							0	0	0	1	0	0		0		0

		Beale						0	0	0	1	0	0		0		0

		CCC								0	0	0	1	0	0		0		0

		CH									0	0	0	0	1	0		0		0

		Cindex					0	0	0	1	0	0		0		0

		DB									0	0	0	1	0	0		0		0

		Dindex					1	0	0	0	0	0		0		0

		Duda							0	0	0	0	1	0		0		0

		Dunn							0	0	0	0	0	0		0		1

		Frey							0	1	0	0	0	0		0		0

		Friedman			0	0	0	0	1	0		0		0

		Gamma						0	0	0	0	0	0		1		0

		Gap								0	0	0	1	0	0		0		0

		Gplus						0	0	0	0	0	0		0		1

		Hartigan			0	0	0	1	0	0		0		0

If	you	do	not	w ant	to	m ake	a	table	and	prefer	visual	support,	w e	could	m ake	a	frequency
graph	w ith	the	count:

#	sets	1x2	grid	for	Plotting

par(mfrow	=	c(1,	2))

#	Making	Graph	of	recounts

hist(Best$Best.nc[1,],	

					breaks	=	max(na.omit(Best$Best.nc[1,])))

barplot(table(Best$Best.nc[1,]))

Looking	at	the	preceding	chart,	w e	can	quickly	see	that	m ost	of	the	indices	proposed	three
clusters	as	the	best	alternative	for	the	Iris	dataset.

D efining	the	cluster	K -M ean	algorithm
C lustering	m odels	generated	by	K -M eans	can	use	several	different	algorithm s	and	that
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affects	the	overall	outcom e	of	the	analysis.	C onsidering	that	not	all	datasets	are	equal,	it	is
im portant	to	test	the	algorithm s	to	determ ine	w hich	one	fits	best.

W e	w on’t	explain	each	algorithm 	in	depth,	but	w e	w ill	explain	how 	w e	can	choose
betw een	them ,	in	a	practical	w ay:

##	Choosing	between	4	algorithms

#	Set	vectors	for	storing	results

Hartigan	<-	0

Lloyd	<-	0

Forgy	<-	0

MacQueen	<-	0

#	to	make	it	reproducible

set.seed(42)

#	Running	500	KMeans	with	3	clusters	and	1000	max

#	iterations	for	each	method

for	(i	in	1:500)	{

				KM	<-	kmeans(Iris[1:4],	3,	iter.max	=	1000,	algorithm	=	"Hartigan-

Wong")

				Hartigan	<-	Hartigan	+	KM$betweenss

				KM	<-	kmeans(Iris[1:4],	3,	iter.max	=	1000,	algorithm	=	"Lloyd")

				Lloyd	<-	Lloyd	+	KM$betweenss

				KM	<-	kmeans(Iris[1:4],	3,	iter.max	=	1000,	algorithm	=	"Forgy")

				Forgy	<-	Forgy	+	KM$betweenss

				KM	<-	kmeans(Iris[1:4],	3,	iter.max	=	1000,	algorithm	=	"MacQueen")

				MacQueen	<-	MacQueen	+	KM$betweenss

}

#	Build	a	data	frame	with	results

Methods	<-	c("Hartigan-Wong",	"Lloyd",	"Forgy",	"MacQueen")

Results	<-	as.data.frame(round(c(Hartigan,	Lloyd,	Forgy,	

				MacQueen)/500,	2))

Results	<-	cbind(Methods,	Results)

names(Results)	<-	c("Method",	"Betweenss")

Results

The	data	fram e	Results	stores	the	averages	betweenss,	calculated	as	a	result	of	500
iterations.	C onsidering	that	the	intention	is	to	m axim ize	the	betweenss,	then,	the	best
algorithm 	could	be	H artingan	-	W ong:

	Results

									Method	Betweenss

1	Hartigan-Wong				591.14

2									Lloyd				588.47

3									Forgy				589.62

4						MacQueen				589.67

A lternatives	for	plotting	clusters
In	addition	to	traditional	charts,	w e	can	use	special	alternatives	for	cluster	analysis.	These
variants	w ill	help	in	the	analysis	of	groups	and	also	in	the	presentation	of	results:

par(mfrow	=	c(1,	1))

#	Load	Iris	Data
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Iris<-iris

#	K-Means	Clustering	with	3	clusters

KM	<-kmeans(Iris[1:4],	3,	iter.max	=	1000,	algorithm	=	"Hartigan-Wong")

#	Load	or	install	the	library	Cluster

suppressWarnings(

								suppressMessages(if

																									(!require(cluster,	quietly=TRUE))

																install.packages("cluster")))

					library("cluster")

#	Cluster	Plot	against	1st	2	principal	components

clusplot(Iris[1:4],	KM$cluster,	color=TRUE,	shade=TRUE,

									labels=2,	lines=1,main='Cluster	Analysis	for	Iris')

A nother	interesting	alternative	is	to	use	“Silhouettes”	graphics	through	w hich	each	cluster
is	represented,	based	on	the	com parison	of	“tightness”	and	“separation”:

#	Load	or	Install	packages

suppressWarnings(suppressMessages(if	(!require(HSAUR,	

				quietly	=	TRUE))	install.packages("HSAUR")))

suppressWarnings(suppressMessages(if	(!require(cluster,	

				quietly	=	TRUE))	install.packages("cluster")))

library("HSAUR")

library("cluster")

#	K-Means	Clustering	with	3	clusters

KM	<-	kmeans(Iris[1:4],	3,	iter.max	=	1000,	algorithm	=	"Hartigan-Wong")
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#	Dissimilarity	Matrix	Calculation

diss	<-	daisy(Iris[1:4])

dE2	<-	diss^2

#	silhouette	Calculation

obj	<-	silhouette(KM$cl,	dE2)

#	Making	a	silhouette	Plot

plot(obj,	col	=	c("red",	"green",	"blue"))

N ote
If	you	w ant	to	delve	into	the	construction	and	interpretation	of	silhouette	graphics,	refer	to
the	article	at	http://w w w .sciencedirect.com /science/article/pii/0377042787901257.
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H ierarchical	clustering
A nother	one	of	the	m ost	used	m ethods	for	clustering	analysis	is	the	H ierarchical
C lustering	A nalysis	(H C A ).	This	m ethod,	as	its	nam e	suggests,	aim s	to	build	a	hierarchy
of	clusters	and	generally	this	is	done	in	tw o	w ays:

A gglom erative	m ethods:	This	m ethod	uses	a	bottom 	up	approach	in	w hich	each
observation	begins	in	its	ow n	clusters	and	pairs	of	cluster	are	m erged	as	one	m oves
up	the	H ierarchical	structure.
D ivisive	m ethods:	This	m ethod	uses	a	top-dow n	approach	in	w hich	each	of	the
observations	begin	in	one	cluster	and	split	recursively	as	one	m oves	up	the
H ierarchical	structure.

The	agglom erative	m ethods,	using	a	recursive	algorithm 	that	follow s	the	next	phases:

Find	the	tw o	closest	points	in	the	dataset
Link	these	points	and	consider	them 	as	a	single	point
The	process	starts	again,	now 	using	the	new 	dataset	that	contains	the	new 	point

This	m ethodology	requires	m easuring	the	distance	betw een	points.	The	aim 	is	that	the
m easured	distances	betw een	observations	of	the	sam e	cluster	are	as	sm all	as	possible	and
the	distances	betw een	clusters	are	as	large	as	possible.

In	a	hierarchical	clustering,	there	are	tw o	very	im portant	param eters	in	relation	to	the
above:	the	distance	m etric	and	the	linkage	m ethod.

C lustering	distance	m etric
D efining	closeness	is	a	fundam ental	aspect.	If	you	don’t	use	a	m etric	for	distance	that
m akes	sense	w ith	your	dataset,	it	is	quite	possible	that	you	w on t́	get	any	useful
inform ation	from 	your	cluster	analyses.

A 	m easure	of	dissim ilarity	is	that	w hich	defines	clusters	that	w ill	be	com bined	in	the	case
of	agglom erative	m ethod,	or	that,	in	the	case	of	divisive	clustering	m ethod,	w hen	these	are
to	be	divided.

The	m ain	m easures	of	distance	are	as	follow s:

D istance
M etric D efinition

Euclidean
D istance U sual	square	distance	betw een	the	tw o	vectors	(2	norm )

M axim um
D istance M axim um 	distance	betw een	tw o	com ponents	of	x	and	y	(suprem um 	norm )

M anhattan
D istance A bsolute	distance	betw een	the	tw o	vectors	(1	norm )

C anberra
D istance

It	is	a	w eighted	version	of	L1	(M anhattan)	distance.	sum (|x_i	-	y_i|	/	|x_i	+	y_i|).	Term s	w ith	zero
num erator	and	denom inator	are	om itted	from 	the	sum 	and	treated	as	if	the	values	w ere	m issing
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B inary
D istance

The	vectors	are	regarded	as	binary	bits,	so	non-zero	elem ents	are	on	and	zero	elem ents	are	off.	The
distance	is	the	proportion	of	bits	in	w hich	only	one	is	on	am ong	those	in	w hich	at	least	one	is	on

Pearson
D istance

A lso	nam ed	not	centered	Pearson

sum (x_i	y_i)	/	sqrt	[sum (x_î 2)	sum (y_î 2)]

C orrelation A lso	nam ed	C entered	Pearson	1	-	corr(x,y)

Spearm an
D istance C om pute	a	distance	based	on	rank.	sum 	(d_î 2)	w here	d_i	is	the	difference	in	rank	betw een	x_i	and	y_i

L inkage	m ethods
The	linkage	m ethods	determ ine	how 	the	distance	betw een	tw o	clusters	is	defined.	A
linkage	rule	is	necessary	for	calculating	the	inter-cluster	distances.

It	is	im portant	to	try	several	linkage	m ethods	to	com pare	their	results.	D epending	on	the
dataset,	som e	m ethods	m ay	w ork	better.	The	follow ing	is	a	list	of	the	m ost	com m on
linkage	m ethods:

L inkage
M ethods D efinition

Single
Linkage

The	distance	betw een	tw o	clusters	is	the	m inim um 	distance	betw een	an	observation	in	one	cluster	and	an
observation	in	the	other	cluster.	A 	good	choice	w hen	clusters	are	obviously	separated.

C om plete
Linkage

The	distance	betw een	tw o	clusters	is	the	m axim um 	distance	betw een	an	observation	in	one	cluster	and	an
observation	in	the	other	cluster.	It	can	be	sensitive	to	outliers.

Average
Linkage

The	distance	betw een	tw o	clusters	is	the	m ean	distance	betw een	an	observation	in	one	cluster	and	an
observation	in	the	other	cluster.

C entroid
Linkage The	distance	betw een	tw o	clusters	is	the	distance	betw een	the	cluster	centroids	or	m eans.

M edian
Linkage

The	distance	betw een	tw o	clusters	is	the	m edian	distance	betw een	an	observation	in	one	cluster	and	an
observation	in	the	other	cluster.	It	reduces	the	effect	of	outliers.

W ard
Linkage

The	distance	betw een	tw o	clusters	is	the	sum 	of	the	squared	deviations	from 	points	to	centroids.	Try	to
m inim ize	the	w ithin-cluster	sum 	of	squares.	It	can	be	sensitive	to	outliers.

M cQ uitty
Linkage

W hen	tw o	clusters	A 	and	B 	are	be	joined,	the	distance	to	new 	cluster	C 	is	the	average	of	distances	of	A 	and
B 	to	C .	So,	the	distance	depends	on	a	com bination	of	clusters	instead	of	individual	observations	in	the
clusters.

H ierarchical	clustering	in	R
There	are	m any	im plem entations	of	hierarchical	clustering	in	R .	The	follow ing	is	an
exam ple	of	how 	you	could	build	a	m odel	directly	from 	the	console.

For	the	follow ing	exam ple,	w e	w ill	use	a	dataset	of	U C 	Irvine	M achine	Learning
R epository,	the	Zoo	D ataset.	It	contains	100	anim als	and	17	features	for	each	one.

The	aim 	of	the	exam ple	is	to	build	a	m odel	based	on	hierarchical	clustering,	in	w hich
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anim als	are	classified	by	their	characteristics.

N ote
The	U C I	M achine	Learning	R epository	is	a	collection	of	databases,	dom ain	theories,	and
data	generators	that	are	used	by	the	m achine	learning	com m unity	for	the	em pirical
analysis	of	m achine	learning	algorithm s.	The	archive	w as	created	as	an	ftp	archive	in	1987
by	D avid	A ha	and	fellow 	graduate	students	at	U C 	Irvine;	refer	to
http://archive.ics.uci.edu/m l/index.htm l.

The	first	thing	to	do	is	get	the	data,	and	since	these	are	published	on	a	w ebsite,	w e	w ill
take	the	opportunity	to	show 	how 	it	is	possible	to	m ake	a	direct	extraction	of	data
published	on	a	w eb	page:

#	Reading	Data	from	UCI	Repository	Online

animals	<-	read.table("https://archive.ics.uci.edu/ml/machine-learning-

databases/zoo/zoo.data",	

				sep	=	",",	header	=	F,	col.names	=	c("animal",	

								"hair",	"feathers",	"eggs",	"milk",	"airbone",	

								"aquatic",	"predator",	"toothed",	"backbone",	

								"breathes",	"venomous",	"fins",	"legs",	"tail",	

								"domestic",	"catsize",	"type"),	fill	=	FALSE,	

				strip.white	=	T)

#	Doing	some	data	preparation

animals	<-	animals[,	-18]

animals	<-	animals[-27,	]

animals	<-	animals[-29,	]

animal.names	<-	animals[,	1]

animals	<-	data.frame(row.names	=	animal.names,	animals[2:17])

#	Verifying	the	top	of	data	loaded

head(animals[1:7],	5)

									hair	feathers	eggs	milk	airbone	aquatic	predator

aardvark				1								0				0				1							0							0								1

antelope				1								0				0				1							0							0								0

bass								0								0				1				0							0							1								1

bear								1								0				0				1							0							0								1

boar								1								0				0				1							0							0								1

In	the	preceding	exam ple,	w e	loaded	data	directly	from 	a	w eb	page.	That’s	just	an	added
value.	It	is	also	possible	to	load	data	from 	a	com m a	separated	file,	as	you	know :

animals	<-	read.csv("file:///C:/Unsupervised	Learning/Chapter	

03/animals.csv",	

				na.strings	=	c(".",	"NA",	"",	"?"),	strip.white	=	TRUE,	

				encoding	=	"UTF-8")

C ontinuing	the	exam ple,	w e	can	try	to	approxim ate	an	appropriate	am ount	of	clusters.
H ow ever,	this	is	only	a	reference,	as	the	hierarchical	clustering	w as	not	a	prior
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classification	of	the	num ber	of	groups.

To	do	this,	you	can	use	the	NbClust	package:

#	Find	the	best	number	of	clusters	using	all	indices

suppressWarnings(suppressMessages(if	(!require(NbClust,	

				quietly	=	TRUE))	install.packages("NbClust")))

library("NbClust")

#	Index	only	numerical	data

data	<-	animals[1:16]

#	define	the	indexes	for	work

ind	<-	c("kl",	"ch",	"hartigan",	"cindex",	"db",	"silhouette",	

				"duda",	"pseudot2",	"ratkowsky",	"ball",	"ptbiserial",	

				"gap",	"frey",	"gamma",	"gplus",	"dunn",	"sdindex",	

				"sdbw")

clusters	<-	0

#	Loop	for	test	each	index

for	(i	in	1:length(ind))	{

				Best	<-	NbClust(data,	diss	=	NULL,	distance	=	"binary",	

								min.nc	=	2,	max.nc	=	5,	method	=	"complete",	

								index	=	ind[i])

				

				clusters[i]	<-	Best$Best.nc[1]

}

#	Results

table(clusters)

clusters

1	2	3	4	5	

1	4	2	3	8	

W e	can	try	to	use	five	clusters,	and	then	m ake	a	visual	validation	to	determ ine,	if
appropriate,	by	constructing	a	dendrogram :

#	Load	or	Install	packages	for	HClust

suppressWarnings(suppressMessages(if	(!require(amap,	

				quietly	=	TRUE))	install.packages("amap")))

library("amap")

#	Model	the	Hierarchical	Clustering

hclust	<-	hclusterpar(na.omit(dist(data),	method	=	"euclidean",	link	=	

"average",	nbproc	=	3))

#	Generate	a	dendrogram	plot.

#	Load	or	Install	packages	for	plotting

suppressWarnings(suppressMessages(if	(!require(cba))	

install.packages("cba")))

library("cba")

#	Plotting	Dendrogram

plot(hclust,	main	=	"",	sub	=	"",	xlab	=	"")

title(main	=	"Cluster	Dendrogram	animals")

#	Add	in	rectangles	to	show	clusters.
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rect.hclust(hclust,	k	=	5,	border="blue")

B y	using	an	agglom erative	hierarchical	clustering	algorithm ,	w e	have	classified	the
anim als	in	the	dataset	based	on	the	classification	of	16	variables.

A s	you	can	see,	in	the	preceding	dendrogram ,	anim als	are	grouped	in	a	very	coherent	w ay,
based	on	their	characteristics.

N ote
D endrogram s	are	tree	structured	charts	used	to	visualize	the	result	of	a	hierarchical
clustering	m odel.	The	result	of	a	clustering	is	presented	either	as	the	distance	or	the
sim ilarity	betw een	the	clustered	row s	or	colum ns,	depending	on	the	selected	distance
m easure.

Suppose	now 	w e	w ant	to	m ake	an	analysis	and	w e	have	validated	the	num ber	of	clusters
for	this	analysis	as	five	groups	of	anim als.	H ow ever,	w e	do	not	have	a	classification	done
yet.	W hat	w e	did	w as	cut	five	groups	in	the	D endrogram 	but	only	visually.

The	inform ation	w e’ve	been	w orking	on	in	this	exam ple	w as	stored	in	an	object	of	type
data.frame	called	animals.	W e	w ill	create	a	new 	colum n	w ith	the	group	num ber	that
corresponds	to	each	anim al:

	#	Cut	dendrogram	in	K=5

	group<-cutree(hclust,	k	=	5)

	

	#	Create	a	New	data.frame	with	cluster

	

	clusters<-(cbind(animals,group))

	

	#Verify	the	cluster	sizes

		table(clusters[17])
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		1		2		3		4		5	

		38	23	26	10		2	

	

	#	viewing	some	data

	tail(clusters[12:17])

								fins	legs	tail	domestic	catsize	group

vulture				0				2				1								0							1					3

wallaby				0				2				1								0							1					3

wasp							0				6				0								0							0					4

wolf							0				4				1								0							1					1

worm							0				0				0								0							0					2

wren							0				2				1								0							0					3

If	you	w ant	to	see	som e	additional	inform ation	of	the	clustering	m odel	that	w e	built
recently,	you	can	use	tw o	functions	that	give	us	som e	interesting	inform ation.

For	exam ple,	if	w e	w ant	to	know 	w hat	C entroids	are	suggested	to	our	m odel	of	clustering
according	to	each	group	and	variable,	w e	can	use	the	centers.hclust	function	available
in	Togaw are	R attle:

	#	List	the	suggested	cluster	centers	for	each	cluster

	

	suppressWarnings(

									suppressMessages(if

																										(!require(rattle,	quietly=TRUE))

																	install.packages("rattle")))

library(rattle)

	#Generate	a	matrix	of	centers	from	a	hierarchical	cluster.

	centers<-as.data.frame(centers.hclust(animals,	hclust,	5))

	centers[1:5]

								hair		feathers						eggs						milk			airbone

1	0.81578947	0.0000000	0.2105263	0.8157895	0.0000000

2	0.04347826	0.0000000	0.8260870	0.1304348	0.0000000

3	0.23076923	0.7692308	0.7692308	0.2307692	0.6923077

4	0.40000000	0.0000000	1.0000000	0.0000000	0.6000000

5	0.00000000	0.0000000	0.5000000	0.0000000	0.0000000

The	result	is	a	m atrix	in	w hich	the	left	is	the	num ber	of	clusters	and	colum ns	for	each	of
the	variables,	w ith	the	centers	suggested.

W e	can	get	m ore	inform ation	about	these	clusters	using	the	fpc	package,	specifically	the
cluster.stats	function:

N ote
cluster.stats	returns	a	list	object	containing	the	com ponents	n,	cluster.number,
cluster.size,	min.cluster.size,	noisen,	diameter,	average.distance,
median.distance,	separation,	average.toother,	separation.matrix,
average.between,	average.within,	n.between,	n.within,	within.cluster.ss,
clus.avg.silwidths,	avg.silwidth,	g2,	g3,	pearsongamma,	dunn,	entropy,	wb.ratio,
ch,	and	corrected.rand.

	suppressWarnings(

									suppressMessages(if
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																										(!require(fpc,	quietly=TRUE))

																	install.packages("fpc")))

	cluster.stats(dist(animals),	cutree(hclust,	5))

library("fpc")

$cluster.number

[1]	5

$cluster.size

[1]	38	23	26	10		2

$diameter

[1]	3.464102	3.000000	3.316625	2.645751	2.449490

$average.distance

[1]	1.602666	1.859203	1.848438	1.555814	2.449490

$median.distance

[1]	1.414214	2.000000	1.732051	1.732051	2.449490

$separation

[1]	1.000000	2.236068	2.000000	1.000000	2.236068

$average.toother

[1]	3.862762	4.579942	3.512338	4.577540	5.912404

$separation.matrix

									[,1]					[,2]					[,3]					[,4]					[,5]

[1,]	0.000000	4.000000	2.000000	1.000000	3.162278

[2,]	4.000000	0.000000	2.236068	6.000000	8.124038

[3,]	2.000000	2.236068	0.000000	4.358899	6.324555

[4,]	1.000000	6.000000	4.358899	0.000000	2.236068

[5,]	3.162278	8.124038	6.324555	2.236068	0.000000

$ave.between.matrix

									[,1]					[,2]					[,3]					[,4]					[,5]

[1,]	0.000000	4.757177	3.186985	3.379948	4.776153

[2,]	4.757177	0.000000	3.269283	6.559047	8.355525

[3,]	3.186985	3.269283	0.000000	4.700056	6.550575

[4,]	3.379948	6.559047	4.700056	0.000000	2.951741

[5,]	4.776153	8.355525	6.550575	2.951741	0.000000

The	exam ple	show s	just	som e	of	the	statistics.	The	cluster.stats	function	m ay	generate
m ore.

H ierarchical	clustering	w ith	factors
A s	m entioned	in	clustering	techniques	based	on	sim ilarity	and	distance,	these	concepts	are
traditionally	associated	w ith	num erical	variables.	H ence,	clustering	techniques	are	used
for	num eric	variables.

H ow ever,	it	is	very	likely	that,	at	som e	point,	you	w ill	find	a	problem 	that	ought	to
consider	a	qualitative	variable.	W e	w ill	look	at	a	w ay	to	do	this	directly	in	the	R 	console	in
the	follow ing.

W e	w ill	w ork	w ith	a	new 	dataset,	w hich	is	located	in	the	follow ing	package	of	C R A N :

Package:	ElemStatLearn
D ataset:	SA heart:	South	A frican	H earth	D isease	D ata
D escription:
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A 	retrospective	sam ple	of	m ales	in	a	high-risk	heart-disease	region	of	the	W estern
C ape,	South	A frica.

Features:	sbp	systolic	blood	pressure,	tobacco	cum ulative	tobacco	(kg),ldl	low
density	lipoprotein	cholesterol,	adiposity	a	num eric	vector,	famhist	fam ily	history
of	heart	disease,	type-A	behavior,	obesity	a	num eric	vector,	alcohol	current	alcohol
consum ption,	age	at	onset,	chd	response,	coronary	heart	disease.

	#	Load	dataset	from	package	in	CRAN

	suppressWarnings(

									suppressMessages(if

																										(!require(ElemStatLearn))

																	install.packages("ElemStatLearn")))

library("ElemStatLearn")

	data(SAheart)

	#Compactly	Display	the	Structure	

	str(SAheart)

'data.frame':	462	obs.	of		10	variables:

	$	sbp						:	int		160	144	118	170	134	132	142	114	114	132…

	$	tobacco		:	num		12	0.01	0.08	7.5	13.6	6.2	4.05	4.08	0	0…

	$	ldl						:	num		5.73	4.41	3.48	6.41	3.5	6.47	3.38	4.59	3.83	

	$	adiposity:	num		23.1	28.6	32.3	38	27.8…

	$	famhist		:	Factor	w/	2	levels	"Absent","Present":	2	1	2	2	2	

	$	typea				:	int		49	55	52	51	60	62	59	62	49	69…

	$	obesity		:	num		25.3	28.9	29.1	32	26…

	$	alcohol		:	num		97.2	2.06	3.81	24.26	57.34…

	$	age						:	int		52	63	46	58	49	45	38	58	29	53…

	$	chd						:	int		1	1	0	1	1	0	0	1	0	1…

A s	can	be	seen,	w hen	w e	checked	the	structure	of	the	dataset,	it	included	a	qualitative
variable	(factor).	This	variable	is	very	im portant	to	identify	the	groups	as	it	relates	to
fam ily	history	of	heart	disease.

O ne	solution	m ight	be	to	apply	a	transform ation	on	this	variable.	H ow ever,	w e	w ant	to
show 	a	function	to	calculate	a	distance	m atrix.	even	in	m ixed	dataset,	the	daisy	function:

daisy:	C om putes	all	the	pairw ise	distances	betw een	observations	in	the	dataset.	The
original	variables	m ay	be	of	m ixed	types.	In	that	case,	or	w henever	metric	=	"gower"	is
set,	a	generalization	of	G ow er’s	form ula.	A lso	know n	as	G ow er’s	coefficient	(1971),
expressed	as	a	dissim ilarity.	This	im plies	that	a	particular	standardization	w ill	be	applied
to	each	variable,	and	the	distance	betw een	tw o	units	is	the	sum 	of	all	the	variable	specific
distances:

#	Distances	Matrix

suppressWarnings(

								suppressMessages(if

																									(!require(cluster))

																install.packages("cluster")))

library("cluster")

diss<-suppressWarnings(daisy(SAheart,	metric	=	"gower"))

W ith	the	statem ent	above,	w e	can	create	a	distance	m atrix,	w hich	is	stored	in	the
data.frame	"diss",	and	w e	w ill	use	this	to	m ake	a	hierarchical	clustering:

www.EBooksWorld.ir



#	Model	the	Hierarchical	Clustering

suppressWarnings(h.factor	<-	hclusterpar(na.omit(diss,method="complete",	

nbproc=3)))

plot(h.factor,	hang	=	-1,main="Cluster	Dendrogram")

rect.hclust(h.factor,	k=4,border="blue")

O nce	w e	have	validated	the	num ber	of	clusters	w ith	w hich	w e	w ant	to	w ork,	w e	proceed
to	integrate	the	original	data	and	clusters	in	a	new 	dataset:

#Insert	the	cluster	number	in	a	new	dataset

group<-cutree(h.factor,	k	=	4)

Cluster<-cbind(SAheart,group)

table(Cluster$group)

Tips	for	choosing	a	hierarchical	clustering	algorithm
A s	w e	have	seen,	hierarchical	clustering	m odels	have	several	different	algorithm s,	and
even	though	each	has	theoretical	aspects	that	help	to	understand	w hen	it	is	convenient	to
use	them ,	som etim es	it	m ay	be	easier	just	to	check	them 	all:

#	Load	or	Install	package	dendextend

suppressWarnings(suppressMessages(if	(!require(dendextend,	quietly	

=TRUE))install.packages("dendextend")))

library("dendextend")

#	Load	dataset	Iris

data(iris)

Iris	<-	iris

#	Create	an	object	for	storing	dendrograms

irisdendlist	<-	dendlist()

#	Vector	with	different	link	methods

methods	<-	c(

								"ward.D",	"single",	"complete",	"average",

								"mcquitty",	"median","centroid","ward.D2")

#	Loop	for	create	and	store	the	8	methods

for	(i	in	seq_along(methods))	{

								hciris	<-	hclust(dist(Iris[1:4]),	method	=	methods[i])

								irisdendlist	<-

															dendlist(irisdendlist,	as.dendrogram(hciris))

}

names(irisdendlist)	<-	methods

#	Listing	the	dendrograms	created	irisdendlist

U sing	the	preceding	code,	iteratively	w e	create	a	hierarchical	clustering	m odel	for	each	of
the	algorithm s.	These	m odels	are	stored	in	an	object	sim ilar	to	a	list	object	containing	the
resulting	dendrogram s:

	#	listing	the	dendrograms	created

									irisdendlist

$ward.D
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'dendrogram'	with	2	branches	and	150	members	total,	at	height	199.6205	

$single

'dendrogram'	with	2	branches	and	150	members	total,	at	height	1.640122	

$complete

'dendrogram'	with	2	branches	and	150	members	total,	at	height	7.085196	

$average

'dendrogram'	with	2	branches	and	150	members	total,	at	height	4.062683	

$mcquitty

'dendrogram'	with	2	branches	and	150	members	total,	at	height	4.497283	

$median

'dendrogram'	with	2	branches	and	150	members	total,	at	height	2.82744	

$centroid

'dendrogram'	with	2	branches	and	150	members	total,	at	height	2.994307	

$ward.D2

'dendrogram'	with	2	branches	and	150	members	total,	at	height	32.44761	

N ow ,	w e	can	calculate	the	cophenetic	correlation	betw een	each	dendrogram 	created	using
cor.dendlist.

N ote
The	cophenetic	correlation	coefficient	is	a	m easure	of	how 	faithfully	a	dendrogram
preserves	the	pairw ise	distances	betw een	the	original	unm odeled	data	points.

#	Calculate	the	cophenetic	correlation

cor	<-	round(cor.dendlist(irisdendlist),	2)

#	Load	or	Install	package	corrplot

suppressWarnings(suppressMessages(if	(!require(corrplot,	

				quietly	=	TRUE))	install.packages("corrplot")))

library(corrplot)

#	Plotting	the	correlations

col	<-	colorRampPalette(c("#BB4444",	"#EE9988",	"#FFFFFF",	

				"#77AADD",	"#4477AA"))

corrplot(cor,	method	=	"shade",	shade.col	=	NA,	tl.col	=	"black",	

				tl.srt	=	45,	col	=	col(200),	addCoef.col	=	"black",	

				order	=	"AOE")
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A s	can	be	appreciated,	considering	the	correlation	factors,	all	m ethods	are	sim ilar	except
for	the	com plete.	C onsidering	their	low 	correlation,	w e	could	discard	com plete	and	w e
can	use	a	m ethod	w ith	higher	correlation.

W e	m ay	also	use	the	fcb	package,	in	particular	the	cluster.stats	function,	to	com pare
m ethods	for	various	indices	and	decide	w hich	m ethod	is	better.	For	exam ple,	the	follow ing
code	show s	the	com parison	of	three	of	them :

Within.cluster:	A 	generalization	of	the	w ithin	clusters	sum 	of	squares	(k-m eans
objective	function),	w hich	is	obtained	if	d	is	a	Euclidean	distance	m atrix
Average.between:	Average	distance	betw een	clusters
Average.within:	Average	distance	w ithin	clusters

#	Load	dataset	Iris

data(iris)

Iris	<-	iris

#	Make	a	distances	matrix

dismatrix	<-	dist(Iris[1:4])

#	Load	or	Install	package	fpc

suppressWarnings(suppressMessages(if	(!require(fpc,	

				quietly	=	TRUE))	install.packages("fpc")))

library("fpc")
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#	Vector	with	diferent	link	methods

methods	<-	c("ward.D",	"single",	"complete",	"average",	

				"mcquitty",	"median",	"centroid",	"ward.D2")

#	Loop	for	calculate	the	cluster	stats

within.cluster	<-	0

average.between	<-	0

average.within	<-	0

for	(i	in	1:length(methods))	{

				hciris	<-	hclust(dismatrix,	method	=	methods[i])

				group	<-	cutree(hciris,	k	=	3)

				stats	<-	cluster.stats(dismatrix,	group)

				

				within.cluster[i]	<-	stats$within.cluster.ss

				average.between[i]	<-	stats$average.between

				average.within[i]	<-	stats$average.within}

#	Show	results

data.frame(methods,	within.cluster,	average.between,	

				average.within)

			methods	within.cluster	average.between	average.within

1			ward.D							79.44538								3.400545						0.9296792

2			single						142.47937								4.008126						1.2728123

3	complete							89.52501								3.451052						1.0155770

4		average							79.44538								3.400545						0.9296792

5	mcquitty							79.54151								3.408377						0.9334433

6			median							86.96761								3.365954						0.9782928

7	centroid						142.47937								4.008126						1.2728123

8		ward.D2							79.29713								3.400042						0.9306286

Plotting	alternatives	for	hierarchical	clustering
U ntil	now ,	w e	have	not	seen	m any	alternatives	for	building	graphs	to	represent	H C A .
H ow ever,	there	are	som e	good	options	that	allow 	us	to	go	beyond	the	classic	dendrogram s.

A 	first	resource	that	w e	can	use	is	changing	the	chart	settings	in	a	traditional	dendrogram :

#	Load	data	from	Iris	file	to	R

Iris	<-	read.table("iris.csv",	header	=	TRUE,	sep	=	",",	

				dec	=	".",	row.names	=	1)

#	To	make	a	reproducible	Sample

set.seed(100)

ind	<-	sample(1:dim(Iris)[1],	50)

Sample	<-	iris[ind,	]

Sample$Species	<-	NULL

dismatrix	<-	dist(Sample)

#	Build	the	clustering	model

hciris	<-	hclust(dismatrix,	method	=	"complete")

#	plot	dendrogram

plot(hciris,	labels	=	Iris$Species[ind],	col	=	"blue",	

				col.main	=	"darkgreen",	col.lab	=	"darkgreen",	

				col.axis	=	"darkgreen",	lwd	=	2,	lty	=	3,	sub	=	"",	

				hang	=	-1,	axes	=	FALSE)
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#	add	Y	axis

axis(side	=	2,	at	=	seq(0,	400,	100),	col	=	"black",	

				labels	=	FALSE,	lwd	=	2)

It	is	even	possible	to	alter	the	shape	of	the	nodes	and	the	color	of	the	labels	in	a
dendrogram 	if	w e	use	the	dendrapply	function:

Iris	<-	read.table("iris.csv",	header	=	TRUE,	sep	=	",",	

				dec	=	".",	row.names	=	1)

#	To	make	a	reproducible	Sample

set.seed(100)

ind	<-	sample(1:dim(Iris)[1],	50)

Sample	<-	iris[ind,	]

Sample$Species	<-	NULL

dismatrix	<-	dist(Sample)

#	Build	the	clustering	model

hciris	<-	hclust(dismatrix,	method	=	"complete")

#	Set	labels	colors

labelColors	<-	c("#CDB380",	"#036564",	"#EB6841")

#	cut	dendrogram	in	3	clusters

cluster	<-	cutree(hciris,	3)

hciris	<-	as.dendrogram(hciris)

#	function	to	get	color	label

nodes	<-	function(n)	{

				if	(is.leaf(n))	{

								a	<-	attributes(n)

								labCol	<-	labelColors[cluster[which(names(cluster)	==	

												a$label)]]

								attr(n,	"nodePar")	<-	c(a$nodePar,	lab.col	=	labCol)

				}
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				n}

#	Apply	a	Function	to	All	Nodes	of	a	Dendrogram

Dendro	=	dendrapply(hciris,	nodes)

plot(Dendro,	main	=	"New	Dendrogram",type	=	"triangle")

C onsidering	that	a	dendrogram 	is	a	representation	based	on	a	tree,	you	m ay	also	use	a
phylogenetic	tree.	This	kind	of	chart	is	a	branching	diagram 	or	tree	show ing	the	inferred
evolutionary	relationships	am ong	various	entities.

O ne	w ay	to	construct	a	Phylogenetic	tree	in	R 	is	using	the	package	ape.	This	package
provides	functions	for	reading	and	m anipulating	phylogenetic	trees	and	D N A 	sequences,
com puting	D N A 	distances,	estim ating	trees	w ith	distance-based	m ethods,	and	a	range	of
m ethods	for	com parative	analyses	and	analysis	of	diversification.	Functionalities	are	also
provided	for	program m ing	new 	phylogenetic	m ethods.

The	follow ing	is	a	possible	im plem entation	of	the	use	of	this	package	in	R :

Iris	<-	read.table("iris.csv",	header	=	TRUE,	sep	=	",",	

				dec	=	".",	row.names	=	1)

#	To	make	a	reproducible	Sample

set.seed(100)

ind	<-	sample(1:dim(Iris)[1],	50)

Sample	<-	iris[ind,	]

Sample$Species	<-	NULL

dismatrix	<-	dist(Sample)
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#	Load	or	Install	package	ape

suppressWarnings(suppressMessages(if	(!require(ape,	

				quietly	=	TRUE))	install.packages("ape")))

library("ape")

#	Build	clustering	model

hciris	<-	hclust(dismatrix,	method	=	"complete")

#	cutting	dendrogram	in	3	clusters

clusters	=	cutree(hciris,	3)

#	Convert	to	phylo	object

hciris	<-	as.phylo(hciris)

#	Plot

color	=	c("red",	"blue",	"darkgreen")

plot(as.phylo(hciris),	type	=	"fan",	cex	=	log(Iris$Sepal.Width),	

				tip.color	=	color[clusters])

The	preceding	chart	serves	the	sam e	function	as	a	dendrogram ,	show ing	the	separation	of
observations	hierarchically	and	identifying	clusters.

W e	use	tw o	interesting	tricks:	Firstly,	by	the	attribute	tip.color	=	color	[clusters],
w e	separate	the	color	clusters	and	this	is	an	im portant	visual	aid.
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Secondly,	w e	can	play	w ith	the	size	of	the	headers,	and	as	you	m ay	notice,	the	size	of	the
num bers	representing	each	observation	is	not	the	sam e	for	each.	U sing	the	attribute	cex	=
log	(Iris	$	Sepal.Width)	w e	tell	R 	that	the	size	of	the	labels	w ill	depend	on	the
Sepal.Width	variable,	thus	adding	a	new 	dim ension	to	the	graphic	inform ation.

www.EBooksWorld.ir



www.EBooksWorld.ir



C lustering	by	end-user	interfaces
U sing	Tow are	R attle,	it	is	possible	to	cluster	analysis	w ithout	the	need	to	interact	directly
w ith	R .	For	that,	you	m ust	have	the	data	loaded	and	transform ed	into	this	tool,	both	of
w hich	w ere	explained	at	the	end	of	C hapter	2,	W orking	w ith	D ata:	Exploratory	D ata
Analysis.	So,	w e	w ill	avoid	explaining	that	part	again	here.	Then,	w e	w ill	see	R attle’s
clustering	options:

In	the	C luster	m enu,	sim ply	select	the	Type	label	type	clustering	analysis	that	w e	require.
In	the	preceding	screenshot,	w e	have	chosen	K -M eans,	and	to	do	so,	R attle	requires
know ledge	of	the	num ber	of	clusters.	C onsidering	that	w e	are	w orking	w ith	the	Iris
dataset,	w e	choose	three	clusters	and	press	the	E xecute	button:
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R attle	autom atically	generates	som e	statistics	of	the	clusters	created,	and	if	w e	press	the
D ata	or	D iscrim inant	buttons,	it	proceeds	to	generate	som e	graphs	of	clusters	created.	In
addition,	the	Stats	button	generates	further	details.

If,	on	the	contrary,	w e	w ant	to	w ork	w ith	hierarchical	clustering,	then,	in	the	C luster
m enu,	select	the	H ierarchical	option.	W e	proceed	to	indicate	the	distance	type	w e	w ill	use
and	the	Linkage	m ethod,	and	finally	click	the	E xecute	button:

R attle	w ill	proceed	to	autom atically	create	a	hierarchical	clustering	m odel:

W e	can	set	the	num ber	of	clusters	that	w e	see	fit,	and	then	pressing	the	dendrogram
button,	w e	w ill	get	a	traditional	dendrogram ,	or	w e	can	generate	tw o	additional	charts
using	the	Plot	D ata	and	D iscrim inant	Plot	button.	Finally,	w e	can	also	generate
additional	statistics	for	clusters	created	by	the	Stats	button.

Finally,	if	w e	w ant	to	export	these	results,	w e	can	go	through	the	E valuate	m enu:

www.EBooksWorld.ir



W e	check	the	options	K 	M eans	and	hclust	and	press	the	E xecute	button,	and	R attle	w ill
assign	to	each	observation	in	the	dataset	the	cluster	num ber	according	to	the	K -M eans	and
according	to	the	hierarchical	clustering.
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Sum m ary
In	this	chapter,	w e	explained	w hat	w e	consider	relevant	aspects	in	relation	to	one	of	the
know n	techniques	in	unsupervised	learning:	cluster	analysis.

W e	began	by	explaining	the	need	to	perform 	transform ations	in	the	data	and	som e
techniques	to	do	so,	and	then	w e	turned	to	the	fundam ental	aspects	of	clustering	analysis,
starting	w ith	K -M eans	and	ending	w ith	the	hierarchical	clustering.

A dditionally,	w e	provided	an	alternative	for	handling	qualitative	variables	in	m ixed
datasets,	and	som e	tips	for	choosing	the	appropriate	algorithm 	as	w ell	as	som e	options	for
plotting	hierarchical	clustering.

In	the	next	chapter,	w e	w ill	learn	about	another	grouping	technique,	the	association	rules.
The	association	process	m akes	groups	of	observations	and	attem pts	to	discover	links	or
associations	betw een	different	attributes	of	group.	These	associations	becom e	rules	that
can,	in	turn,	be	used	to	support	future	decisions.
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C hapter	4.	A ssociation	R ules
This	chapter	aim s	to	explain	another	grouping	technique,	association	rules.	The
association	process	m akes	groups	of	observations	and	attem pts	to	discover	links	or
associations	betw een	different	attributes	of	groups.	These	associations	becom e	rules	w hich
can	in	turn	be	used	to	support	future	decisions.

A ssociation	rules	can	be	applied	in	m any	situations	but	are	com m only	used	in	retail
transactions.	Its	use	becam e	popular	in	selling	books	online.	These	businesses	started	to
collect	inform ation	about	the	reading	habits	of	their	custom ers	and,	using	association
analysis,	they	w ere	able	to	identify	groups	of	books	that	consum ers	w ith	sim ilar	interests
m ight	buy.

These	analyses	allow 	us	to	create	m odels	of	recom m endation;	one	of	the	unsupervised
learning	techniques	m ost	com m only	used	today.	For	exam ple,	w ho	is	not	fam iliar	w ith
som e	of	these	fam ous	lines	seen	on	m ajor	online	stores?

“Your	recently	view ed	item s	and	featured	recom m endations… ”

“C ustom ers	w ho	bought	this	item 	also	bought… ”

“Frequently	bought	together… ”

In	this	chapter,	w e	w ill	cover	the	follow ing	aspects:

Fundam entals	of	association	rules
R epresentation
M easures	in	association	rules
Exploring	the	association	rules	m odel
Plotting	alternatives
A ssociation	rules	by	end-user	tools
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Fundam entals	of	association	rules
In	the	context	of	data	m ining	and	m achine	learning,	association	rules	are	used	to	discover
patterns	that	occur	w ithin	a	given	dataset.

A ssociation	analysis	identifies	relationships	betw een	observations	and	variables	from 	a
dataset.	These	relationships	are	expressed	by	a	set	of	rules	that	indicate	groups	of	item s
that	tend	to	be	associated	w ith	others.

U sually,	the	association	analysis	is	perform ed	on	large	datasets,	that	is	ones	w hich	contain
a	large	num ber	of	registers,	generally	transactional,	w ith	at	least	one	indicator	to
differentiate	them ,	for	exam ple	an	invoice	num ber.
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R epresentation
In	order	to	be	able	to	identify	relationships	betw een	item s,	it	is	necessary	to	use	a	system
of	representation	for	the	rules.	Suppose	that	in	a	dataset	w e	have	several	sales	transactions,
each	of	these	transactions	consists	of	a	set	of	sold	item s	and	every	item 	sold	in	a
transaction	can	be	identified	by	a	code,	w hich	in	our	exam ple	is	a	letter	of	the	alphabet.

C onsidering	the	preceding	inform ation,	a	transaction	of	six	articles	could	be	represented	as
follow s:

The	purpose	is	to	identify	item s	that	appear	together	in	a	num ber	of	transactions.	Look	at
how 	a	rule	is	built	in	a	visual	m anner:

In	the	preceding	figure,	w e	can	see	a	transaction	of	three	item s	{A ,C ,F}.	If	w e	determ ine
that	there	is	a	relationship	betw een	them ,	w e	can	express	it	by	an	association	rule	of	the
form 	A ,F	è	C 	and	the	interpretation	w ould	be	as	follow s:

W hen	the	item s	A 	and	F	appear	together	in	the	sam e	transaction,	then	typically,	so	does
the	item 	C .

A ssociation	rule	m odels	build	a	large	num ber	of	these	kinds	of	rules.	A s	w e	saw ,	every
rule	is	com posed	by	tw o	different	sets	of	item s,	also	know n	as	item sets,	in	the	preceding
exam ple:
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The	rule	can	be	divided	into	tw o	parts,	to	the	left	w ould	be	the	antecedent	or	LH S	of	the
rule	and	at	the	right	side	the	consequent	or	R H S	of	the	rule.

N ext,	w e	develop	an	exam ple	of	association	rules	directly	in	the	R 	console,	using	the
arules	package.	In	the	w ords	of	its	author:

arules:	M ining	A ssociation	R ules	and	Frequent	Item sets

“It	provides	the	infrastructure	for	representing,	m anipulating	and	analyzing
transaction	data	and	patterns	(frequent	item sets	and	association	rules).	It	also
provides	interfaces	to	C 	im plem entations	of	the	association	m ining	algorithm s
Apriori	and	Eclat.”

The	data	that	w e	use	in	this	exam ple	is	included	in	the	arules	package.

The	dataset	contains	one	m onth’s	w orth	of	real	transaction	data	from 	a	typical	local
grocery	outlet.	It	contains	9835	transactions	and	169	categories.

This	dataset	is	provided	for	arules	by	M ichael	H ahsler,	K urt	H ornik,	and	Thom as
R eutterer.

#Loading	or	installing	package	arules

suppressWarnings(

								suppressMessages(if

																									(!require(arules,	quietly=TRUE))

																install.packages("arules")))

library(arules)

#Loading	data	from	arules	package

data(Groceries)

Groceries

transactions	in	sparse	format	with

	9835	transactions	(rows)	and

	169	items	(columns)

For	the	purposes	of	this	exam ple,	the	sim plest	w ay	to	load	data	is	to	call	the	dataset	that
w ill	be	used	from 	the	arules	package	as	show n	in	the	preceding	code.

H ow ever,	w e	w ill	also	m ake	the	load	from 	a	com m a-separated	file,	since	it	requires	a
different	instruction	because	it	is	a	transaction	dataset.	In	order	to	clarify	the	original
shape	of	the	dataset,	w e	can	see	in	the	follow ing,	the	first	10	transactions	included	in	the
original	file,	separated	by	com m as:
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N ow ,	w e	need	to	convert	this	data	into	a	transaction	dataset:

#Loading	data	from	csv	file

path<-"file:///C:/Unsupervised	Learning/Chapter	04/Groceries.csv"	#	Set	

your	Path	Here

Transactions<-read.transactions(path,	sep	=	",")

Transactions

transactions	in	sparse	format	with

	9835	transactions	(rows)	and

	169	items	(columns)

W e	w ant	to	stress	that	the	instruction	to	load	data	used	earlier	is	different	because
read.transactions	is	a	special	instruction	to	load	data	from 	com m a-separated	files	and
convert	them 	to	the	class	transactions,	w hich	is	the	kind	of	data	that	w e	w ill	require
w hen	w orking	w ith	m odels	of	association	rules.

The	Transactions	class	represents	transaction	data	used	to	m ine	item sets	or	rules.	It	is	a
direct	extension	of	the	class	itemMatrix	used	to	store	a	binary	incidence	m atrix,	item
labels,	and,	optionally,	transaction	ID s	and	user	ID s.

#	verify	the	object's	class

class(Transactions)

[1]	"transactions"

attr(,"package")

[1]	"arules"

H enceforth,	w e	w ork	w ith	the	data	loaded	from 	the	com m a-separated	file,	w hich	is	the
Transactions	object.

The	object	that	stores	data	is	of	the	kind	transactions,	w hich	as	w e	saw ,	is	a	special
form at	to	m ake	associative	analysis.	B asically,	it	creates	an	object	of	the	type	list	that
contains	spaces	to	store	each	transaction	separately.	O n	this	object,	w e	can	m ake	som e
initial	exploratory	analysis.	For	exam ple,	see	the	first	five	transactions	loaded:

#	List	the	first	5	transactions

inspect(Transactions[1:5])

		items																					
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1	{citrus	fruit,												

			margarine,															

			ready	soups,													

			semi-finished	bread}					

2	{coffee,																		

			tropical	fruit,										

			yogurt}																		

3	{whole	milk}														

4	{cream	cheese	,											

			meat	spreads,												

			pip	fruit,															

			yogurt}																		

5	{condensed	milk,										

			long	life	bakery	product,

			other	vegetables,								

			whole	milk}

Suppose	w e	are	not	sure	about	the	type	of	item s	that	m ake	up	our	w ork	dataset,	the	next
instruction	can	list	the	different	item s,	w hich	in	our	exam ple	are	the	products	available.
W e	observe	how 	to	list	the	top	10	products	included:

#	list	the	items	of	dataset

items<-as.data.frame(itemLabels(Transactions))

colnames(items)	<-	"Item"

head(items,10)				

Item

1				abrasive	cleaner

2				artif.sweetener

3				baby	cosmetics

4				baby	food

5				bags

6				baking	powder

7				bathroom	cleaner

8				beef

9				berries

10			beverages

It	is	also	possible	to	generate	a	summary	of	the	transaction	file	that	w e	just	created.	This
w ill	give	us	som e	prelim inary	inform ation:
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W e	can	observe	the	m ost	com m on	item s,	such	as	the	tw o	m ost	purchased	item s	that	are
whole	milk,	appearing	in	2513	purchases,	and	other	vegetables,	appearing	in	1903
purchases.	A nother	im portant	fact	is	the	size	distribution	of	the	item sets.	In	this	case,	the
num ber	of	item s	purchased	in	each	transaction.

If	w e	w ant	to	explore	the	frequency	of	som e	articles	in	specific,	it	is	possible	to	extract
som e	inform ation	individually.	For	exam ple,	suppose	w e	w ant	to	consult	the	transactions
ranging	from 	8	to	10	in	the	R 	console,	in	absolute	am ounts	as	w ell	as	in	percentage	term s
of	the	total	transactions:

#	Check	absolute	and	relative	frequency						

itemFrequency(Transactions[,	8:10],type	=	"absolute")

	

						beef			berries	beverages	

						516							327							256	

round(itemFrequency(Transactions[,	8:10],type	=	"relative")*100,2)

			beef			berries	beverages	

						5.25						3.32						2.60

W e	can	also	produce	a	chart	of	frequencies	and	filter	to	consider	only	item s	w ith	a
m inim um 	percentage	of	support	or	considering	a	top	x	of	item s,	w hich	is	quite	useful	in
analyzing	the	item s	that	are	m ost	im portant	in	relation	to	their	frequency:

#	plot	the	frequency	of	items

par(mfrow	=	c(1,	2))

itemFrequencyPlot(Transactions,	topN	=	10,col="darkgreen")

itemFrequencyPlot(Transactions,	support	=	0.1,col="darkred")
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The	chart	on	the	left	show s	the	top	10	m ost	com m on	item s	in	the	transactions	dataset,
w hile	the	chart	on	the	right	show s	the	item s	w hose	relative	im portance	is	at	least	10% .

If	w e	w ant	to	further	explore	the	relationship	betw een	the	different	item s	of	our
transaction	file,	it	is	possible	to	calculate	a	distance	m atrix	betw een	them 	and	even	build	a
dendrogram 	to	explore	these	relationships:

#	Compute	and	returns	distances	for	binary	data	in	a	matrix

x	<-	dissimilarity(Transactions,	which	=	"items")

x[is.na(x)]	<-	1	#	get	rid	of	missing	values

#	Hierarchical	cluster	analysis	on	a	set	of	dissimilarities

hcd<-hclust(x)

par(mfrow	=	c(1,	1))

plot(hcd,	cex=.6)
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G iven	the	size	of	the	resulting	dendrogram ,	for	space-saving	purposes	the	preceding	figure
is	a	part	of	the	com plete	dendrogram .

N ow 	that	w e	have	done	som e	exploring	on	transactions,	w e	w ill	build	a	m odel	based	on
association	rules	using	the	apriori	function	included	in	the	arules	package:

apriori:	M ine	frequent	item sets,	association	rules	or	association	hyper	edges	using	the
A priori	algorithm .	The	A priori	algorithm 	em ploys	level-w ise	search	for	frequent	item sets.

#	Build	apriori	model	with	Min	Support	as	0.001	

#	and	confidence	as	0.8.

rules	<-	apriori	(Transactions,	

parameter	=	list(supp	=	0.001,	conf	=	0.8))

rules

set	of	410	rules

W e	have	already	created	our	m odel.	H ow ever,	at	this	point	w e	w ill	stop	at	the	exam ple	in
order	to	explain	som e	im portant	theoretical	concepts	relating	to	m easures	in	association
rules.

In	these	types	of	m odels,	m any	rules	are	constructed.	H ence,	in	order	to	achieve	a	greater
benefit	from 	them ,	w e	m ust	use	m easures	of	significance	and	interest	on	the	rules,
determ ining	w hich	ones	are	interesting	and	w hich	to	discard.

The	three	m ost	im portant	m easure	param eters	on	an	analysis	of	association	rules	are	the
support,	the	confidence	and	the	lift:

M easure D efinition

D efined	as	the	proportion	of	transactions	in	the	database	w hich	contain	the	item set.	H ow 	often	the	item s
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Support appear	together	from 	am ongst	all	of	the	transactions.

Typically,	w e	use	sm all	values	for	the	support.

C onfidence

It	is	a	m easure	of	how 	often	one	item 	X	appears	w henever	another	item 	Y	appears	in	a	transaction;	it	is	a
conditional	probability:

C onfidence	(X→ Y)	= 	P(Y|X)	= 	P(X	U 	Y)/P(X)

Typically,	w e	use	large	values	for	confidence

Lift

Is	the	increased	likelihood	of	X	being	in	a	transaction	if	Y	is	included	in	the	transaction.	If	one	rule	had	a
lift	of	1,	it	w ould	im ply	that	the	probability	of	occurrence	of	the	antecedent	and	that	of	the	consequent	are
independent	of	each	other.	If	the	lift	is	>	1	it	w ould	im ply	that	those	tw o	occurrences	are	dependent	on	one
another	and	useful	for	predicting	in	future	datasets

R eturning	to	our	exam ple,	w e	built	the	m odel	using	0.001	M in	Support	and	confidence	as
0.8.	W ith	these	param eters,	w e	obtained	410	rules.	H ow ever,	in	order	to	illustrate	the
sensitivity	of	the	m odel	to	these	tw o	param eters,	w e	w ill	see	w hat	happens	if	w e	increase
the	support	or	low er	the	confidence	level:

#	Build	apriori	model	with	Min	Support	as	0.002	

#	and	confidence	as	0.8.

rules2	<-	apriori	(Transactions,	

parameter	=	list(supp	=	0.002,	conf	=	0.8))	

#	Build	apriori	model	with	Min	Support	as	0.002	

and	confidence	as	0.6.

rules3	<-	apriori	(Transactions,	

parameter	=	list(supp	=	0.001,	conf	=	0.6))	

rules2

set	of	11	rules	

rules3

set	of	2918	rules

In	the	first	case,	w e	increase	the	m inim um 	support	of	0.001	to	0.002	and	m odel	rules	w ent
from 	410	to	only	11.	In	the	other	case	w e	decrease	the	m inim um 	confidence	level	to	0.6
and	the	num ber	of	m odel	rules	w ent	from 	410	to	2918.	In	the	first	case,	using	a	high	level
of	support	can	m ake	the	m odel	lose	interesting	rules	and	in	the	second	case,	using	a	low
confidence	level	increases	the	num ber	of	rules	to	quite	an	extent	and	m any	w ill	not	be
useful.

The	proper	use	of	these	tw o	param eters	greatly	affects	the	outcom e	of	the	m odel	rules	of
association,	as	it	is	very	sensitive	to	both.
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E xploring	the	association	rules	m odel
W hen	w e	w orked	w ith	the	transaction	file,	w e	saw 	that	it	is	stored	in	a	special	kind	of
object,	w hich	m akes	the	m odels	w ork	in	a	sim ilar	w ay.	This	type	of	m odel	is	stored	in	a
special	object	and	its	exploration	also	involves	the	use	of	specific	com m ands.

R eturning	to	our	exam ple,	using	the	first	version	of	the	m odel,	w hich	w e	store	in	the
rules	object,	w e	can	perform 	an	initial	exploration	by	the	summary	function:

#	Summary	report	of	rules

summary(rules)

set	of	410	rules

rule	length	distribution	(lhs	+	rhs):sizes

		3			4			5			6	

	29	229	140		12	

			Min.	1st	Qu.		Median				Mean	3rd	Qu.				Max.	

				3.0					4.0					4.0					4.3					5.0					6.0	

summary	of	quality	measures:

				support										confidence								lift					

	Min.			:0.00102			Min.			:0.80			Min.			:	3.1		

	1st	Qu.:0.00102			1st	Qu.:0.83			1st	Qu.:	3.3		

	Median	:0.00122			Median	:0.85			Median	:	3.6		

	Mean			:0.00125			Mean			:0.87			Mean			:	4.0		

	3rd	Qu.:0.00132			3rd	Qu.:0.91			3rd	Qu.:	4.3		

	Max.			:0.00315			Max.			:1.00			Max.			:11.2		

mining	info:

									data	transactions	support	confidence

	Transactions										9835			0.001								0.8

This	function	gives	us	inform ation	about	the	m odel	that	w e	built.	For	exam ple,	the	size	of
rules,	depending	on	the	num ber	of	item s	that	contain	these	rules.	In	this	case,	m ost	of	the
rules	have	3	and	4	item s,	but	there	are	som e	rules	that	have	up	to	6.	In	addition,	the
sum m ary	m odel	provides	us	w ith	the	m ain	statistics	related	to	the	support,	lift	and
confidence.

A lthough	w e	know 	that	our	m odel	has	410	rules,	w e	still	have	not	seen	any.	W e	can
observe	the	rules	that	have	been	built	and	stored	in	the	m odel.	For	exam ple,	w e	w ill
extract	the	first	5	m odel	rules:

#	look	at	the	first	five	rules	

inspect(rules[1:5])

		lhs																	rhs												support	confidence	lift

1	{liquor,																																																		

			red/blush	wine}	=>	{bottled	beer}		0.0019							0.90	11.2

2	{cereals,																																																	

			curd}											=>	{whole	milk}				0.0010							0.91		3.6

www.EBooksWorld.ir



3	{cereals,																																																	

			yogurt}									=>	{whole	milk}				0.0017							0.81		3.2

4	{butter,																																																		

			jam}												=>	{whole	milk}				0.0010							0.83		3.3

5	{bottled	beer,																																												

			soups}										=>	{whole	milk}				0.0011							0.92		3.6

A n	interpretation	of	rule	num ber	one	is:	if	som eone	buys	liquor	and	red/blush	w ine,	they
are	90% 	likely	to	buy	bottled	beer	too.

In	the	preceding	code,	w e	list	the	first	5	rules	in	the	m odel.	H ow ever,	these	rules	are	not
ordered	by	any	criteria	of	m agnitude.	Let’s	see	how 	w e	can	extract	inform ation	ordered	by
som e	criteria	such	as	the	level	of	confidence:

#	order	rules	by	confidence

rules<-sort(rules,	by="confidence",	decreasing=TRUE)

#	look	at	the	first	five	rules

inspect(rules[1:5])

		lhs																					rhs										support	confidence	lift

1	{rice,																																																						

			sugar}														=>	{whole	milk}		0.0012										1		3.9

2	{canned	fish,																																															

			hygiene	articles}			=>	{whole	milk}		0.0011										1		3.9

3	{butter,																																																				

			rice,																																																						

			root	vegetables}				=>	{whole	milk}		0.0010										1		3.9

4	{flour,																																																					

			root	vegetables,																																											

			whipped/sour	cream}	=>	{whole	milk}		0.0017										1		3.9

5	{butter,																																																				

			domestic	eggs,																																													

			soft	cheese}								=>	{whole	milk}		0.0010										1		3.9

This	tim e,	the	five	rules	w e	extracted	from 	the	m odel	are	ordered	according	to	their	level
of	confidence.	In	fact,	the	five	rules	have	a	confidence	of	100.	H ow ever,	if	w e	extract
m ore	rules,	the	confidence	level	w ill	drop	gradually.

If	w e	w ant	to	sort	the	rules	by	other	criteria	such	as	lift	or	support,	w e	only	need	to	m odify
the	previously	used	code	indicating	on	the	param eter	by.

(by	=	"lift"	or	by	=	"support")

A nother	w ay	w e	can	interact	w ith	the	m odel	is	generating	subsets	of	specific	rules,
allow ing	us	to	do	analysis	on	item s	of	interest.	For	exam ple,	suppose	w e	are	particularly
interested	in	m aking	a	prom otion	relating	to	the	sale	of	yogurt,	w e	could	create	a	subset	of
rules	concerning	these	products	in	this	w ay:

#	Subset	the	rules

#	finding	subsets	of	rules	that	precede	yogurt	purchases

yogurt	<-	subset(rules,	subset	=	rhs	%pin%	"yogurt")
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#	Order	by	confidence

yogurt<-sort(yogurt,	by="confidence",	decreasing=TRUE)

	

#	inspect	top	5

	inspect(yogurt[1:5])

		lhs																					rhs						support	confidence	lift

1	{butter,																																																

			cream	cheese	,																																									

			root	vegetables}				=>	{yogurt}		0.0010							0.91		6.5

2	{butter,																																																

			sliced	cheese,																																									

			tropical	fruit,																																								

			whole	milk}									=>	{yogurt}		0.0010							0.91		6.5

3	{cream	cheese	,																																									

			curd,																																																		

			other	vegetables,																																						

			whipped/sour	cream}	=>	{yogurt}		0.0010							0.91		6.5

4	{butter,																																																

			other	vegetables,																																						

			tropical	fruit,																																								

			white	bread}								=>	{yogurt}		0.0010							0.91		6.5

5	{pip	fruit,																																													

			sausage,																																															

			sliced	cheese}						=>	{yogurt}		0.0012							0.86		6.1

The	preceding	code	show s	us	the	item s	that	the	custom ers	bought	before	purchasing
yogurt.	If	w e	w ished	to	verify	the	opposite	situation,	that	is,	w hat	item s	the	custom ers
m ight	buy	w ho	have	previously	bought	yogurt,	w e	only	have	to	m odify	the	code	like	this:

#	Subset	the	rules

yogurt	<-	subset(rules,	subset	=	lhs	%pin%	"yogurt")

#	Order	by	confidence

yogurt<-sort(yogurt,	by="confidence",	decreasing=TRUE)

#	inspect	top	5

inspect(yogurt[15:19])

		lhs																					rhs										support	confidence	lift

1	{butter,																																																				

			domestic	eggs,																																													

			tropical	fruit,																																												

			yogurt}													=>	{whole	milk}		0.0012							0.92		3.6

2	{cream	cheese	,																																													

			other	vegetables,																																										

			pip	fruit,																																																	

			yogurt}													=>	{whole	milk}		0.0011							0.92		3.6

3	{curd,																																																						

			domestic	eggs,																																													

			tropical	fruit,																																												

			yogurt}													=>	{whole	milk}		0.0011							0.92		3.6

4	{butter,																																																				

			domestic	eggs,																																													

			root	vegetables,																																											

			yogurt}													=>	{whole	milk}		0.0011							0.92		3.6

5	{domestic	eggs,																																													
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			tropical	fruit,																																												

			whipped/sour	cream,																																								

			yogurt}													=>	{whole	milk}		0.0011							0.92		3.6

A n	im portant	point	of	these	m odels	is	that	they	alw ays	have	som e	level	of	redundancy,
that	is,	rules	that	m ean	the	sam e	for	the	purposes	of	analysis.	O ne	w ay	to	deal	w ith	them 	is
to	sim ply	exclude	them ,	w hich	can	be	done	from 	the	console	as	follow s:

#	Subset	and	delete	redundants

subset	<-	is.subset(rules,	rules)

subset[lower.tri(subset,	diag=T)]	<-	NA

redundant	<-	colSums(subset,	na.rm=T)	>=	1

pruned	<-	rules[!redundant]

rules.pruned<-pruned

rules

set	of	410	rules	

rules.pruned

set	of	330	rules

Follow ing	the	preceding	procedure,	80	rules	w hich	are	redundant	are	located	and
excluded.
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Plotting	alternatives	for	association	rules
A lthough	the	rules	are	easy	to	interpret	w ithout	using	graphical	tools,	it	is	som etim es
interesting	to	use	visual	tools.	A 	very	good	package	to	plot	m odels	based	on	the	analysis
of	association	rules	is	arulesViz	because	it	has	a	variety	of	specialized	graphics.

arulesViz:	For	help	visualizing	association	rules	and	frequent	item sets	there	is	an
Extends	package	for	arules	w ith	various	visualization	techniques	for	association	rules
and	item sets.	The	package	also	includes	several	interactive	visualizations	for	rule
exploration.

Let’s	see	how 	w e	can	build	a	m ap	of	rules	in	R :

#Loading	or	installing	package	arulesViz

suppressWarnings(

								suppressMessages(if

																									(!require(arulesViz,	quietly=TRUE))

																install.packages("arulesViz")))

library(arulesViz)

rules	<-	apriori(Transactions,	parameter	=	list(supp	=	0.001,	conf	=	0.8))

rules<-sort(rules,	by="confidence",	decreasing=TRUE)

#	Subset	and	delete	redundants

subset	<-	is.subset(rules,	rules)

subset[lower.tri(subset,	diag=T)]	<-	NA

redundant	<-	colSums(subset,	na.rm=T)	>=	1

pruned	<-	rules[!redundant]

rules.pruned<-pruned

plot(rules.pruned[1:10],method="graph",interactive=TRUE))
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A ssociation	rules	by	end-user	tool
To	this	point,	w e	have	explored	m odels	based	on	association	rules	using	R 	console.
H ow ever,	w e	consider	it	appropriate	to	m ention	an	alternative	that	does	not	require	using
the	console	directly.

To	do	this,	w e	w ill	again	use	the	togaw are	rattle.	It	can	be	loaded	by	the	follow ing
instruction:

#	Set	language	to	English

Sys.setenv(LANGUAGE="en")

#Load	Rattle	Package

suppressWarnings(suppressMessages(library(rattle)))

#	Load	visual	interface

rattle()

The	data	is	loaded	from 	the	D ata	m enu,	and	w e	proceed	to	use	the	file	selector	and	seek
the	dataset	G roceries	that	w e	have	been	using:

O nce	you	have	loaded	the	data,	w e	access	the	A ssociate	m enu	and	indicate	a	level	of
support	of	0.001	and	a	m inim um 	confidence	level	of	0.8	and	press	the	E xecute	button:
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The	rattle	builds	the	m odel	a	priori,	along	w ith	association	rules.	H ow ever,	the	exploration
w e	can	do	w ith	this	tool	is	very	lim ited.
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Sum m ary
In	this	chapter,	w e	w ent	through	the	aspects	that	w e	considered	relevant	in	relation	to
m odels	based	on	association	rules;	one	of	the	techniques	m ore	broadly	know n	in	the	field
of	unsupervised	learning	and	perhaps	one	of	the	pillar	techniques	in	data	m ining.

W e	started	w ith	the	theoretical	foundations,	their	representation,	and	som e	m easures	that
w e	know 	for	proper	application.	Later,	w e	built	a	m odel	in	R 	and	explored	the	specialized
functions	for	it.	You	learned	how 	to	navigate	the	m odel,	elim inate	redundant	rules,	and
w ork	w ith	rules	on	segm ents	of	interest.	W e	illustrated	the	use	of	packages	to	graph
m odels	based	on	rules	and,	finally,	w e	m entioned	an	alternative	type	of	end-user	interface
for	w orking	w ith	association	rules	m odels.

In	the	next	chapter,	w e	w ill	study	the	concept	of	dim ensionality	reduction	and	its
im portance	in	building	m odels	for	unsupervised	learning.
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C hapter	5.	D im ensionality	R eduction
This	chapter	aim s	to	explain	som e	dim ensionality	reduction	techniques	in	m achine
learning.	This	concept	refers	to	the	process	of	reducing	the	num ber	of	random 	variables
considered	and	can	be	subdivided	in	feature	selection	and	feature	extraction.	The	key	is	to
reduce	the	num ber	of	dim ensions,	w hile	preserving	m ost	parts	of	the	inform ation.

In	this	chapter,	w e	w ill	cover	feature	extraction	techniques,	w hile	feature	selection	w ill	be
approached	in	the	next	chapter.

These	kinds	of	techniques	aim 	to	solve	the	problem 	of	dim ensionality,	w hich	refers	to	the
inconveniences	associated	w ith	m ultivariate	data	analysis	w hen	the	dim ensionality,	that	is
the	num ber	of	variables,	is	too	large.

The	problem 	of	dim ensionality	im plies	that,	given	a	fixed	num ber	of	cases,	there	is	a
m axim um 	num ber	of	attributes	beyond	w hich	the	efficiency	of	m odels	is	degraded	rather
than	im proved.	In	the	know ledge	discovery	process,	m ore	is	not	alw ays	better,	and	this
often	gives	better	results	focused	on	a	few 	variables	that	explain	m ost	of	the	inform ation
that	w ill	answ er	our	problem .

In	this	chapter,	w e	w ill	cover	the	follow ing	aspects:

The	problem 	of	high	dim ensionality
A lternatives	to	m itigate	the	effects	of	the	curse	of	dim ensionality
Principal	C om ponent	A nalysis	(PC A ):	C oncept	construction	and	graphical	analysis
H ierarchical	clustering	on	PC A
PC A 	by	user	interfaces
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T he	curse	of	dim ensionality
The	curse	of	dim ensionality,	som etim es	referred	to	as	the	H ughes	effect,	is	a	term 	often
used	to	refer	to	the	phenom ena	occurring	in	m athem atics	and	statistics,	w hen	w e	try	to
analyze	and	organize	data	in	m ultidim ensional	spaces.

These	phenom ena	occur	in	various	fields	including	num erical	analysis,	com binatory
sam pling,	m achine	learning,	and	data	m ining.	They	have	a	com m on	cause:	w hen	the
dim ensionality	increases,	the	volum e	of	space	increases	exponentially,	causing	the
available	data	to	becom e	scattered;	this	is	problem atic	for	any	m ethod	that	requires
statistical	significance.	The	reason	for	this	is	that	the	result	to	be	statistically	significant	as
the	variables	increase,	the	required	data	grow s	exponentially.

For	exam ple,	in	the	context	of	m achine	learning,	the	curse	of	dim ensionality	can	m ean	a
serious	inconvenience	in	solving	problem s	that	involve	optim ization	or	use	of	distances,	as
these	tend	to	grow 	w ith	increasing	dim ensionality,	that	is,	data	is	increasingly	m ore
dispersed.	This	im plies	that	w hen	the	num ber	of	dim ensions	increases,	finding	“things”	or
m easuring	their	size	and	shape	becom es	increasingly	com plex.

Suppose	w e	have	a	clustering	problem ,	as	discussed	in	C hapter	3,	Identifying	and
U nderstanding	G roups:	C lustering	Algorithm s,	and	w e	w ant	to	group	them 	by	their
distances.	Im agine	a	square	that	represents	the	2D 	feature	space,	the	features	that	w e	w ill
use	to	group	together.	The	average	of	this	space	is	the	center	of	the	square,	and	all
observations	are	inside	a	circle	that	is	inscribed	in	the	square.

The	observations	that	do	not	fall	w ithin	this	circle	are	closer	to	the	corners	of	the	search
space	than	to	its	center.	This	observation	is	like	an	outlier	and	it	is	hard	to	group	them 	in
clusters.	C lustering	is	easier	if	m ost	observations	fall	inside	the	inscribed	circle:

O n	the	left	w e	can	see	the	square,	circle,	and	observations	before	a	cluster	analysis	and	to
the	right	w e	see	a	possible	result	of	grouping	observations.

N ow ,	the	preceding	exam ple	is	based	on	a	tw o-dim ensional	space,	but	let’s	see	w hat
w ould	happen	if	both	the	square	and	the	circle	coexist	in	a	plane	of	higher	dim ensionality.
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B y	increasing	the	dim ension	of	the	square,	it	becom es	an	n-dim ensional	hypercube.
Furtherm ore,	the	circle	becom es	an	n-dim ensional	hypersphere.	The	hypersphere	has	a
very	interesting	behavior	that	helps	us	better	understand	the	curse	of	dim ensionality.

The	volum e	of	the	inscribed	hypersphere	of	dim ension	d	and	w ith	radius	0.5	can	be
calculated	w ith	the	follow ing	form ula:

W e	w ill	proceed	to	calculate	the	volum e	in	several	dim ensions	to	observe	the	effect	of
increasing	the	dim ensionality.	For	ease,	w e	can	do	it	directly	in	the	R 	console,	using	the
package	SphericalC ubature.

In	the	w ords	of	its	author:

“SphericalC ubature	is	a	package	that	defines	several	m ethods	to	integrate	functions
over	the	unit	sphere	and	ball	in	n-dim ensional	Euclidean	space.	Routines	for
converting	to/from 	m ultivariate	polar/spherical	coordinates	are	also	provided.”

#	Loading	or	installing	package	'SphericalCubature'

suppressWarnings(suppressMessages(if	(!require(SphericalCubature,	quietly	=	

TRUE))	install.packages("SphericalCubature")))

library(SphericalCubature)

#	Set	radius	to	0.5

r	<-	0.5

#	20	Dimensions	Loop

Dimensions	=	rep(0,	20)

SphereVol	<-	Dimensions

for	(k	in	0:20)	{

				n	<-	k

				

				SphereVol[k]	=	ballVolume(k	-	1,	R	=	r)

}

plot(SphereVol,	col	=	"blue",	type	=	"b",	ylab	=	"volume	of	the	

hypersphere",	

				xlab	=	"Dimensions")
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The	preceding	figure	show s	how 	the	volum e	of	the	hypersphere	changes	w hen	the
dim ensionality	increases	and	tends	to	reach	zero;	as	the	dim ensionality	tends	to	reach
infinity,	the	hypersphere	shrinks	to	insignificance.	For	this	reason,	distance	m etrics	start
losing	their	effectiveness	in	m easuring	the	dissim ilarity	in	highly	dim ensional	spaces.

In	general,	data	m ining	algorithm s	tend	to	degrade	in	perform ance	and	usefulness	as
dim ensionality	increases.
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Feature	extraction
D im ensionality	reduction	includes	a	set	of	techniques	to	help	deal	w ith	the	problem 	of	the
curse	of	dim ensionality.	These	techniques	are	aim ed	at	reducing	the	num ber	of	variables
to	be	considered	by	the	m odels	w e	build,	generally	falling	into	feature	selection	and
feature	extraction.

In	the	context	of	m achine	learning,	the	term 	feature	extraction	is	associated	w ith
techniques	that	seek	to	build	a	dataset	derived	and	transform ed	from 	the	original	data.

O ne	of	the	best	know n	and	m ost	used	techniques	to	reduce	the	dim ensionality	is	Principal
C om ponents	A nalysis	or	PC A .
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Principal	com ponent	analysis
Principal	com ponent	analysis	(PC A )	is	a	technique	to	reduce	the	dim ensionality	of	a
dataset,	in	fact,	it	is	one	of	the	m ost	w ell	know n	and	w idely	used.	This	technique	finds	the
causes	that	explain	the	variability	of	a	dataset	and	lists	them 	in	the	order	of	their
im portance.

The	PC A 	searches	for	a	projection	w here	the	data	is	best	represented	in	term s	of	the	least
squares.	It	perform s	a	linear	transform ation	to	obtain	a	new 	coordinate	system 	in	w hich
the	largest	variance	is	considered	as	the	principal	com ponent,	the	second	largest	variance
as	the	second	principal	com ponent,	and	so	on.

N ew 	com ponents	are	not	specified	in	the	original	m easurem ent	units	as	they	are	a	linear
com bination	of	the	original	variables.	M oreover,	the	PC A 	elim inates	the	correlations
betw een	them ,	w hile	the	new 	variables,	that	are	the	principal	com ponents,	are	independent
from 	one	another.

A n	advantage	of	principal	com ponent	analysis	as	a	dim ensionality	reduction	m ethod	is
that	it	preserves	the	characteristics	of	the	dataset	that	contribute	m ost	to	its	variance.
A nother	advantage	connected	w ith	reduced	dim ensions	is	that	the	behavior	of	the	dataset
is	easier	to	observe	in	2D 	and	3D 	system s,	w hich	m akes	it	m ore	interpretable	by	hum ans.

In	general	term s,	there	are	tw o	w ays	in	w hich	you	can	calculate	the	principal	com ponents:

U sing	a	correlation	m atrix:	for	data	w hich	is	not	dim ensionally	uniform 	about	the
m agnitude	of	the	variables.
U sing	a	covariance	m atrix:	for	data	that	is	dim ensionally	uniform 	about	the
m agnitude	of	the	variables	and	have	sim ilar	m ean	values.

Even	though	the	m athem atical	aspects	of	the	technique	are	interesting,	explaining	it	in
depth	is	beyond	the	scope	of	this	book,	w hich	has	a	m ore	applied	approach.

H ow ever,	w e	are	interested	in	the	general	understanding	of	the	technique	and	its
application.	Therefore,	w e	w ill	develop	an	exam ple	to	clarify	the	im portance	of	principal
com ponent	analysis	and	how 	w e	can	use	R 	to	perform 	this	analysis.

In	this	exam ple,	w e	use	data	about	the	perform ance	of	som e	students	in	five	classes:
M aths,	Science,	English,	H istory,	and	Sports.	Each	of	these	subjects	is	as	a	dim ension,	that
is,	w e	w ill	w ork	w ith	a	dataset	of	five	dim ensions:
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