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Get	full	access	to	Advanced	Analytics	with	Spark,	2nd	Edition	and	60K+	other	titles,	with	free	10-day	trial	of	O'Reilly.	There's	also	live	online	events,	interactive	content,	certification	prep	materials,	and	more.	In	the	second	edition	of	this	practical	book,	four	Cloudera	data	scientists	present	a	set	of	self-contained	patterns	for	performing	large-scale
data	analysis	with	Spark.	The	authors	bring	Spark,	statistical	methods,	and	real-world	data	sets	together	to	teach	you	how	to	approach	analytics	problems	by	example.	Updated	for	Spark	2.1,	this	edition	acts	as	an	introduction	to	these	techniques	and	other	best	practices	in	Spark	programming.You’ll	start	with	an	introduction	to	Spark	and	its
ecosystem,	and	then	dive	into	patterns	that	apply	common	techniques—including	classification,	clustering,	collaborative	filtering,	and	anomaly	detection—to	fields	such	as	genomics,	security,	and	finance.If	you	have	an	entry-level	understanding	of	machine	learning	and	statistics,	and	you	program	in	Java,	Python,	or	Scala,	you’ll	find	the	book’s
patterns	useful	for	working	on	your	own	data	applications.With	this	book,	you	will:Familiarize	yourself	with	the	Spark	programming	modelBecome	comfortable	within	the	Spark	ecosystemLearn	general	approaches	in	data	scienceExamine	complete	implementations	that	analyze	large	public	data	setsDiscover	which	machine	learning	tools	make	sense
for	particular	problemsAcquire	code	that	can	be	adapted	to	many	uses	View/Submit	Errata	Download	Example	Code	book	Data	Science	from	Scratch,	2nd	Edition	by	Joel	Grus	To	really	learn	data	science,	you	should	not	only	master	the	tools—data	science	libraries,	frameworks,	modules,	…	book	Hands-On	Machine	Learning	with	Scikit-Learn,	Keras,
and	TensorFlow,	2nd	Edition	by	Aurélien	Géron	Through	a	series	of	recent	breakthroughs,	deep	learning	has	boosted	the	entire	field	of	machine	learning.	…	book	Designing	Data-Intensive	Applications	by	Martin	Kleppmann	Data	is	at	the	center	of	many	challenges	in	system	design	today.	Difficult	issues	need	to	…	book	Architecting	Modern	Data
Platforms	by	Jan	Kunigk,	Ian	Buss,	Paul	Wilkinson,	Lars	George	There’s	a	lot	of	information	about	big	data	technologies,	but	splicing	these	technologies	into	an	end-to-end	…	2nd	EditionAdvancedSparkAnalytics	with	PATTERNS	FOR	LEARNING	FROM	DATA	AT	SCALE	Sandy	Ryza,	Uri	Laserson,	Sean	Owen,	&	Josh	Wills
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computing.	This	is	why	I’m	very	happy	to	see	this	book,	written	by	four	expertsin	data	science,	on	advanced	analytics	with	Spark.	Sandy,	Uri,	Sean,	and	Josh	havebeen	working	with	Spark	for	a	while,	and	have	put	together	a	great	collection	of	con‐tent	with	equal	parts	explanations	and	examples.The	thing	I	like	most	about	this	book	is	its	focus	on
examples,	which	are	all	drawnfrom	real	applications	on	real-world	data	sets.	It’s	hard	to	find	one,	let	alone	10,examples	that	cover	big	data	and	that	you	can	run	on	your	laptop,	but	the	authorshave	managed	to	create	such	a	collection	and	set	everything	up	so	you	can	run	themin	Spark.	Moreover,	the	authors	cover	not	just	the	core	algorithms,	but	the
intricaciesof	data	preparation	and	model	tuning	that	are	needed	to	really	get	good	results.	Youshould	be	able	to	take	the	concepts	in	these	examples	and	directly	apply	them	to	yourown	problems.Big	data	processing	is	undoubtedly	one	of	the	most	exciting	areas	in	computingtoday,	and	remains	an	area	of	fast	evolution	and	introduction	of	new	ideas.	I
hopethat	this	book	helps	you	get	started	in	this	exciting	new	field.	—	Matei	Zaharia,	CTO	at	Databricks	and	Vice	President,	Apache	Spark	viiwww.allitebooks.comwww.allitebooks.comPreface	Sandy	RyzaI	don’t	like	to	think	I	have	many	regrets,	but	it’s	hard	to	believe	anything	good	cameout	of	a	particular	lazy	moment	in	2011	when	I	was	looking	into
how	to	best	distrib‐ute	tough	discrete	optimization	problems	over	clusters	of	computers.	My	advisorexplained	this	newfangled	Apache	Spark	thing	he	had	heard	of,	and	I	basically	wroteoff	the	concept	as	too	good	to	be	true	and	promptly	got	back	to	writing	my	undergradthesis	in	MapReduce.	Since	then,	Spark	and	I	have	both	matured	a	bit,	but	only
oneof	us	has	seen	a	meteoric	rise	that’s	nearly	impossible	to	avoid	making	“ignite”	punsabout.	Cut	to	a	few	years	later,	and	it	has	become	crystal	clear	that	Spark	is	somethingworth	paying	attention	to.Spark’s	long	lineage	of	predecessors,	from	MPI	to	MapReduce,	makes	it	possible	towrite	programs	that	take	advantage	of	massive	resources	while
abstracting	away	thenitty-gritty	details	of	distributed	systems.	As	much	as	data	processing	needs	havemotivated	the	development	of	these	frameworks,	in	a	way	the	field	of	big	data	hasbecome	so	related	to	these	frameworks	that	its	scope	is	defined	by	what	these	frame‐works	can	handle.	Spark’s	promise	is	to	take	this	a	little	further—to	make	writing
dis‐tributed	programs	feel	like	writing	regular	programs.Spark	is	great	at	giving	ETL	pipelines	huge	boosts	in	performance	and	easing	some	ofthe	pain	that	feeds	the	MapReduce	programmer’s	daily	chant	of	despair	(“why?whyyyyy?”)	to	the	Apache	Hadoop	gods.	But	the	exciting	thing	for	me	about	it	hasalways	been	what	it	opens	up	for	complex
analytics.	With	a	paradigm	that	supportsiterative	algorithms	and	interactive	exploration,	Spark	is	finally	an	open	sourceframework	that	allows	a	data	scientist	to	be	productive	with	large	data	sets.I	think	the	best	way	to	teach	data	science	is	by	example.	To	that	end,	my	colleaguesand	I	have	put	together	a	book	of	applications,	trying	to	touch	on	the
interactionsbetween	the	most	common	algorithms,	data	sets,	and	design	patterns	in	large-scaleanalytics.	This	book	isn’t	meant	to	be	read	cover	to	cover.	Page	to	a	chapter	that	lookslike	something	you’re	trying	to	accomplish,	or	that	simply	ignites	your	interest.	ixWhat’s	in	This	BookThe	first	chapter	will	place	Spark	within	the	wider	context	of	data
science	and	bigdata	analytics.	After	that,	each	chapter	will	comprise	a	self-contained	analysis	usingSpark.	The	second	chapter	will	introduce	the	basics	of	data	processing	in	Spark	andScala	through	a	use	case	in	data	cleansing.	The	next	few	chapters	will	delve	into	themeat	and	potatoes	of	machine	learning	with	Spark,	applying	some	of	the	most	com‐
mon	algorithms	in	canonical	applications.	The	remaining	chapters	are	a	bit	more	of	agrab	bag	and	apply	Spark	in	slightly	more	exotic	applications—for	example,	queryingWikipedia	through	latent	semantic	relationships	in	the	text	or	analyzing	genomicsdata.The	Second	EditionSince	the	first	edition,	Spark	has	experienced	a	major	version	upgrade	that
instated	anentirely	new	core	API	and	sweeping	changes	in	subcomponents	like	MLlib	and	SparkSQL.	In	the	second	edition,	we’ve	made	major	renovations	to	the	example	code	andbrought	the	materials	up	to	date	with	Spark’s	new	best	practices.Using	Code	ExamplesSupplemental	material	(code	examples,	exercises,	etc.)	is	available	for	download	at
book	is	here	to	help	you	get	your	job	done.	In	general,	if	example	code	is	offeredwith	this	book,	you	may	use	it	in	your	programs	and	documentation.	You	do	notneed	to	contact	us	for	permission	unless	you’re	reproducing	a	significant	portion	ofthe	code.	For	example,	writing	a	program	that	uses	several	chunks	of	code	from	thisbook	does	not	require
permission.	Selling	or	distributing	a	CD-ROM	of	examplesfrom	O’Reilly	books	does	require	permission.	Answering	a	question	by	citing	thisbook	and	quoting	example	code	does	not	require	permission.	Incorporating	a	signifi‐cant	amount	of	example	code	from	this	book	into	your	product’s	documentation	doesrequire	permission.We	appreciate,	but	do
not	require,	attribution.	An	attribution	usually	includes	thetitle,	author,	publisher,	and	ISBN.	For	example:	"Advanced	Analytics	with	Spark	bySandy	Ryza,	Uri	Laserson,	Sean	Owen,	and	Josh	Wills	(O’Reilly).	Copyright	2015Sandy	Ryza,	Uri	Laserson,	Sean	Owen,	and	Josh	Wills,	978-1-491-91276-8.”If	you	feel	your	use	of	code	examples	falls	outside	fair
use	or	the	permission	givenabove,	feel	free	to	contact	us	at	[email	protected]x	|	PrefaceO’Reilly	Safari	Safari	(formerly	Safari	Books	Online)	is	a	membership-based	training	and	reference	platform	for	enterprise,	government,	educators,	and	individuals.Members	have	access	to	thousands	of	books,	training	videos,	Learning	Paths,	interac‐tive	tutorials,
and	curated	playlists	from	over	250	publishers,	including	O’ReillyMedia,	Harvard	Business	Review,	Prentice	Hall	Professional,	Addison-Wesley	Profes‐sional,	Microsoft	Press,	Sams,	Que,	Peachpit	Press,	Adobe,	Focal	Press,	Cisco	Press,John	Wiley	&	Sons,	Syngress,	Morgan	Kaufmann,	IBM	Redbooks,	Packt,	AdobePress,	FT	Press,	Apress,	Manning,
New	Riders,	McGraw-Hill,	Jones	&	Bartlett,	andCourse	Technology,	among	others.For	more	information,	please	visit	to	Contact	UsPlease	address	comments	and	questions	concerning	this	book	to	the	publisher:	O’Reilly	Media,	Inc.	1005	Gravenstein	Highway	North	Sebastopol,	CA	95472	800-998-9938	(in	the	United	States	or	Canada)	707-829-0515
(international	or	local)	707-829-0104	(fax)To	comment	or	ask	technical	questions	about	this	book,	send	email	to	bookques‐[email	protected]For	more	information	about	our	books,	courses,	conferences,	and	news,	see	our	web‐site	at	us	on	Facebook:	us	on	Twitter:	us	on	YouTube:	goes	without	saying	that	you	wouldn’t	be	reading	this	book	if	it	were	not
for	theexistence	of	Apache	Spark	and	MLlib.	We	all	owe	thanks	to	the	team	that	has	builtand	open	sourced	it,	and	the	hundreds	of	contributors	who	have	added	to	it.	Preface	|	xiWe	would	like	to	thank	everyone	who	spent	a	great	deal	of	time	reviewing	the	contentof	the	book	with	expert	eyes:	Michael	Bernico,	Adam	Breindel,	Ian	Buss,	Parviz	Dey‐him,
Jeremy	Freeman,	Chris	Fregly,	Debashish	Ghosh,	Juliet	Hougland,	JonathanKeebler,	Nisha	Muktewar,	Frank	Nothaft,	Nick	Pentreath,	Kostas	Sakellis,	Tom	White,Marcelo	Vanzin,	and	Juliet	Hougland	again.	Thanks	all!	We	owe	you	one.	This	hasgreatly	improved	the	structure	and	quality	of	the	result.I	(Sandy)	also	would	like	to	thank	Jordan	Pinkus	and
Richard	Wang	for	helping	mewith	some	of	the	theory	behind	the	risk	chapter.Thanks	to	Marie	Beaugureau	and	O’Reilly	for	the	experience	and	great	support	ingetting	this	book	published	and	into	your	hands.xii	|	PrefaceCHAPTER	1	Analyzing	Big	Data	Sandy	Ryza	[Data	applications]	are	like	sausages.	It	is	better	not	to	see	them	being	made.	—Otto
von	Bismarck	•	Build	a	model	to	detect	credit	card	fraud	using	thousands	of	features	and	billions	of	transactions	•	Intelligently	recommend	millions	of	products	to	millions	of	users	•	Estimate	financial	risk	through	simulations	of	portfolios	that	include	millions	of	instruments	•	Easily	manipulate	data	from	thousands	of	human	genomes	to	detect	genetic
asso‐	ciations	with	diseaseThese	are	tasks	that	simply	could	not	have	been	accomplished	5	or	10	years	ago.When	people	say	that	we	live	in	an	age	of	big	data	they	mean	that	we	have	tools	forcollecting,	storing,	and	processing	information	at	a	scale	previously	unheard	of.	Sit‐ting	behind	these	capabilities	is	an	ecosystem	of	open	source	software	that
can	lever‐age	clusters	of	commodity	computers	to	chug	through	massive	amounts	of	data.Distributed	systems	like	Apache	Hadoop	have	found	their	way	into	the	mainstreamand	have	seen	widespread	deployment	at	organizations	in	nearly	every	field.But	just	as	a	chisel	and	a	block	of	stone	do	not	make	a	statue,	there	is	a	gap	betweenhaving	access	to
these	tools	and	all	this	data	and	doing	something	useful	with	it.	Thisis	where	data	science	comes	in.	Just	as	sculpture	is	the	practice	of	turning	tools	andraw	material	into	something	relevant	to	nonsculptors,	data	science	is	the	practice	ofturning	tools	and	raw	data	into	something	that	non–data	scientists	might	care	about.Often,	“doing	something
useful”	means	placing	a	schema	over	it	and	using	SQL	toanswer	questions	like	“Of	the	gazillion	users	who	made	it	to	the	third	page	in	our	1registration	process,	how	many	are	over	25?”	The	field	of	how	to	structure	a	datawarehouse	and	organize	information	to	make	answering	these	kinds	of	questionseasy	is	a	rich	one,	but	we	will	mostly	avoid	its
intricacies	in	this	book.Sometimes,	“doing	something	useful”	takes	a	little	extra.	SQL	still	may	be	core	to	theapproach,	but	in	order	to	work	around	idiosyncrasies	in	the	data	or	perform	complexanalysis,	we	need	a	programming	paradigm	that’s	a	little	bit	more	flexible	and	closerto	the	ground,	and	with	richer	functionality	in	areas	like	machine
learning	and	statis‐tics.	These	are	the	kinds	of	analyses	we	are	going	to	talk	about	in	this	book.For	a	long	time,	open	source	frameworks	like	R,	the	PyData	stack,	and	Octave	havemade	rapid	analysis	and	model	building	viable	over	small	data	sets.	With	fewer	than10	lines	of	code,	we	can	throw	together	a	machine	learning	model	on	half	a	data	setand
use	it	to	predict	labels	on	the	other	half.	With	a	little	more	effort,	we	can	imputemissing	data,	experiment	with	a	few	models	to	find	the	best	one,	or	use	the	results	ofa	model	as	inputs	to	fit	another.	What	should	an	equivalent	process	look	like	that	canleverage	clusters	of	computers	to	achieve	the	same	outcomes	on	huge	data	sets?The	right	approach
might	be	to	simply	extend	these	frameworks	to	run	on	multiplemachines	to	retain	their	programming	models	and	rewrite	their	guts	to	play	well	indistributed	settings.	However,	the	challenges	of	distributed	computing	require	us	torethink	many	of	the	basic	assumptions	that	we	rely	on	in	single-node	systems.	Forexample,	because	data	must	be
partitioned	across	many	nodes	on	a	cluster,	algorithmsthat	have	wide	data	dependencies	will	suffer	from	the	fact	that	network	transfer	ratesare	orders	of	magnitude	slower	than	memory	accesses.	As	the	number	of	machinesworking	on	a	problem	increases,	the	probability	of	a	failure	increases.	These	factsrequire	a	programming	paradigm	that	is
sensitive	to	the	characteristics	of	the	under‐lying	system:	one	that	discourages	poor	choices	and	makes	it	easy	to	write	code	thatwill	execute	in	a	highly	parallel	manner.Of	course,	single-machine	tools	like	PyData	and	R	that	have	come	to	recent	promi‐nence	in	the	software	community	are	not	the	only	tools	used	for	data	analysis.	Scien‐tific	fields	like
genomics	that	deal	with	large	data	sets	have	been	leveraging	parallelcomputing	frameworks	for	decades.	Most	people	processing	data	in	these	fields	todayare	familiar	with	a	cluster-computing	environment	called	HPC	(high-performancecomputing).	Where	the	difficulties	with	PyData	and	R	lie	in	their	inability	to	scale,the	difficulties	with	HPC	lie	in	its
relatively	low	level	of	abstraction	and	difficulty	ofuse.	For	example,	to	process	a	large	file	full	of	DNA-sequencing	reads	in	parallel,	wemust	manually	split	it	up	into	smaller	files	and	submit	a	job	for	each	of	those	files	tothe	cluster	scheduler.	If	some	of	these	fail,	the	user	must	detect	the	failure	and	takecare	of	manually	resubmitting	them.	If	the
analysis	requires	all-to-all	operations	likesorting	the	entire	data	set,	the	large	data	set	must	be	streamed	through	a	single	node,or	the	scientist	must	resort	to	lower-level	distributed	frameworks	like	MPI,	which	are2	|	Chapter	1:	Analyzing	Big	Datadifficult	to	program	without	extensive	knowledge	of	C	and	distributed/networkedsystems.Tools	written
for	HPC	environments	often	fail	to	decouple	the	in-memory	data	mod‐els	from	the	lower-level	storage	models.	For	example,	many	tools	only	know	how	toread	data	from	a	POSIX	filesystem	in	a	single	stream,	making	it	difficult	to	maketools	naturally	parallelize,	or	to	use	other	storage	backends,	like	databases.	Recentsystems	in	the	Hadoop	ecosystem
provide	abstractions	that	allow	users	to	treat	a	clus‐ter	of	computers	more	like	a	single	computer—to	automatically	split	up	files	and	dis‐tribute	storage	over	many	machines,	divide	work	into	smaller	tasks	and	execute	themin	a	distributed	manner,	and	recover	from	failures.	The	Hadoop	ecosystem	can	auto‐mate	a	lot	of	the	hassle	of	working	with	large
data	sets,	and	is	far	cheaper	than	HPC.The	Challenges	of	Data	ScienceA	few	hard	truths	come	up	so	often	in	the	practice	of	data	science	that	evangelizingthese	truths	has	become	a	large	role	of	the	data	science	team	at	Cloudera.	For	a	sys‐tem	that	seeks	to	enable	complex	analytics	on	huge	data	to	be	successful,	it	needs	tobe	informed	by—or	at	least
not	conflict	with—these	truths.First,	the	vast	majority	of	work	that	goes	into	conducting	successful	analyses	lies	inpreprocessing	data.	Data	is	messy,	and	cleansing,	munging,	fusing,	mushing,	andmany	other	verbs	are	prerequisites	to	doing	anything	useful	with	it.	Large	data	sets	inparticular,	because	they	are	not	amenable	to	direct	examination	by
humans,	canrequire	computational	methods	to	even	discover	what	preprocessing	steps	arerequired.	Even	when	it	comes	time	to	optimize	model	performance,	a	typical	datapipeline	requires	spending	far	more	time	in	feature	engineering	and	selection	than	inchoosing	and	writing	algorithms.For	example,	when	building	a	model	that	attempts	to	detect
fraudulent	purchases	ona	website,	the	data	scientist	must	choose	from	a	wide	variety	of	potential	features:fields	that	users	are	required	to	fill	out,	IP	location	info,	login	times,	and	click	logs	asusers	navigate	the	site.	Each	of	these	comes	with	its	own	challenges	when	convertingto	vectors	fit	for	machine	learning	algorithms.	A	system	needs	to	support
more	flexi‐ble	transformations	than	turning	a	2D	array	of	doubles	into	a	mathematical	model.Second,	iteration	is	a	fundamental	part	of	data	science.	Modeling	and	analysis	typi‐cally	require	multiple	passes	over	the	same	data.	One	aspect	of	this	lies	withinmachine	learning	algorithms	and	statistical	procedures.	Popular	optimization	proce‐dures	like
stochastic	gradient	descent	and	expectation	maximization	involve	repeatedscans	over	their	inputs	to	reach	convergence.	Iteration	also	matters	within	the	datascientist’s	own	workflow.	When	data	scientists	are	initially	investigating	and	trying	toget	a	feel	for	a	data	set,	usually	the	results	of	a	query	inform	the	next	query	thatshould	run.	When	building
models,	data	scientists	do	not	try	to	get	it	right	in	one	try.	The	Challenges	of	Data	Science	|	3Choosing	the	right	features,	picking	the	right	algorithms,	running	the	right	signifi‐cance	tests,	and	finding	the	right	hyperparameters	all	require	experimentation.	Aframework	that	requires	reading	the	same	data	set	from	disk	each	time	it	is	accessedadds
delay	that	can	slow	down	the	process	of	exploration	and	limit	the	number	ofthings	we	get	to	try.Third,	the	task	isn’t	over	when	a	well-performing	model	has	been	built.	If	the	point	ofdata	science	is	to	make	data	useful	to	non–data	scientists,	then	a	model	stored	as	a	listof	regression	weights	in	a	text	file	on	the	data	scientist’s	computer	has	not
reallyaccomplished	this	goal.	Uses	of	data	recommendation	engines	and	real-time	frauddetection	systems	culminate	in	data	applications.	In	these,	models	become	part	of	aproduction	service	and	may	need	to	be	rebuilt	periodically	or	even	in	real	time.For	these	situations,	it	is	helpful	to	make	a	distinction	between	analytics	in	the	laband	analytics	in
the	factory.	In	the	lab,	data	scientists	engage	in	exploratory	analytics.They	try	to	understand	the	nature	of	the	data	they	are	working	with.	They	visualize	itand	test	wild	theories.	They	experiment	with	different	classes	of	features	and	auxiliarysources	they	can	use	to	augment	it.	They	cast	a	wide	net	of	algorithms	in	the	hopesthat	one	or	two	will	work.
In	the	factory,	in	building	a	data	application,	data	scientistsengage	in	operational	analytics.	They	package	their	models	into	services	that	caninform	real-world	decisions.	They	track	their	models’	performance	over	time	andobsess	about	how	they	can	make	small	tweaks	to	squeeze	out	another	percentagepoint	of	accuracy.	They	care	about	SLAs	and
uptime.	Historically,	exploratory	analyt‐ics	typically	occurs	in	languages	like	R,	and	when	it	comes	time	to	build	productionapplications,	the	data	pipelines	are	rewritten	entirely	in	Java	or	C++.Of	course,	everybody	could	save	time	if	the	original	modeling	code	could	be	actuallyused	in	the	app	for	which	it	is	written,	but	languages	like	R	are	slow	and
lack	integra‐tion	with	most	planes	of	the	production	infrastructure	stack,	and	languages	like	Javaand	C++	are	just	poor	tools	for	exploratory	analytics.	They	lack	read-evaluate-printloop	(REPL)	environments	to	play	with	data	interactively	and	require	large	amountsof	code	to	express	simple	transformations.	A	framework	that	makes	modeling	easybut
is	also	a	good	fit	for	production	systems	is	a	huge	win.Introducing	Apache	SparkEnter	Apache	Spark,	an	open	source	framework	that	combines	an	engine	for	distrib‐uting	programs	across	clusters	of	machines	with	an	elegant	model	for	writing	pro‐grams	atop	it.	Spark,	which	originated	at	the	UC	Berkeley	AMPLab	and	has	sincebeen	contributed	to	the
Apache	Software	Foundation,	is	arguably	the	first	opensource	software	that	makes	distributed	programming	truly	accessible	to	datascientists.4	|	Chapter	1:	Analyzing	Big	DataOne	illuminating	way	to	understand	Spark	is	in	terms	of	its	advances	over	its	prede‐cessor,	Apache	Hadoop’s	MapReduce.	MapReduce	revolutionized	computation	overhuge
data	sets	by	offering	a	simple	model	for	writing	programs	that	could	execute	inparallel	across	hundreds	to	thousands	of	machines.	The	MapReduce	engine	achievesnear	linear	scalability—as	the	data	size	increases,	we	can	throw	more	computers	at	itand	see	jobs	complete	in	the	same	amount	of	time—and	is	resilient	to	the	fact	thatfailures	that	occur
rarely	on	a	single	machine	occur	all	the	time	on	clusters	of	thou‐sands	of	machines.	It	breaks	up	work	into	small	tasks	and	can	gracefully	accommo‐date	task	failures	without	compromising	the	job	to	which	they	belong.Spark	maintains	MapReduce’s	linear	scalability	and	fault	tolerance,	but	extends	it	inthree	important	ways.	First,	rather	than	relying
on	a	rigid	map-then-reduce	format,its	engine	can	execute	a	more	general	directed	acyclic	graph	(DAG)	of	operators.	Thismeans	that	in	situations	where	MapReduce	must	write	out	intermediate	results	to	thedistributed	filesystem,	Spark	can	pass	them	directly	to	the	next	step	in	the	pipeline.	Inthis	way,	it	is	similar	to	Dryad,	a	descendant	of
MapReduce	that	originated	at	Micro‐soft	Research.	Second,	it	complements	this	capability	with	a	rich	set	of	transforma‐tions	that	enable	users	to	express	computation	more	naturally.	It	has	a	strongdeveloper	focus	and	streamlined	API	that	can	represent	complex	pipelines	in	a	fewlines	of	code.Third,	Spark	extends	its	predecessors	with	in-memory
processing.	Its	Dataset	andDataFrame	abstractions	enable	developers	to	materialize	any	point	in	a	processingpipeline	into	memory	across	the	cluster,	meaning	that	future	steps	that	want	to	dealwith	the	same	data	set	need	not	recompute	it	or	reload	it	from	disk.	This	capabilityopens	up	use	cases	that	distributed	processing	engines	could	not
previouslyapproach.	Spark	is	well	suited	for	highly	iterative	algorithms	that	require	multiplepasses	over	a	data	set,	as	well	as	reactive	applications	that	quickly	respond	to	userqueries	by	scanning	large	in-memory	data	sets.Perhaps	most	importantly,	Spark	fits	well	with	the	aforementioned	hard	truths	of	datascience,	acknowledging	that	the	biggest
bottleneck	in	building	data	applications	is	notCPU,	disk,	or	network,	but	analyst	productivity.	It	perhaps	cannot	be	overstated	howmuch	collapsing	the	full	pipeline,	from	preprocessing	to	model	evaluation,	into	a	sin‐gle	programming	environment	can	speed	up	development.	By	packaging	an	expres‐sive	programming	model	with	a	set	of	analytic
libraries	under	a	REPL,	Spark	avoidsthe	roundtrips	to	IDEs	required	by	frameworks	like	MapReduce	and	the	challenges	ofsubsampling	and	moving	data	back	and	forth	from	the	Hadoop	distributed	file	sys‐tem	(HDFS)	required	by	frameworks	like	R.	The	more	quickly	analysts	can	experi‐ment	with	their	data,	the	higher	likelihood	they	have	of	doing
something	useful	withit.With	respect	to	the	pertinence	of	munging	and	ETL,	Spark	strives	to	be	somethingcloser	to	the	Python	of	big	data	than	the	MATLAB	of	big	data.	As	a	general-purpose	Introducing	Apache	Spark	|	5computation	engine,	its	core	APIs	provide	a	strong	foundation	for	data	transforma‐tion	independent	of	any	functionality	in	statistics,
machine	learning,	or	matrix	alge‐bra.	Its	Scala	and	Python	APIs	allow	programming	in	expressive	general-purposelanguages,	as	well	as	access	to	existing	libraries.Spark’s	in-memory	caching	makes	it	ideal	for	iteration	both	at	the	micro-	and	macro‐level.	Machine	learning	algorithms	that	make	multiple	passes	over	their	training	setcan	cache	it	in
memory.	When	exploring	and	getting	a	feel	for	a	data	set,	data	scien‐tists	can	keep	it	in	memory	while	they	run	queries,	and	easily	cache	transformed	ver‐sions	of	it	as	well	without	suffering	a	trip	to	disk.Last,	Spark	spans	the	gap	between	systems	designed	for	exploratory	analytics	and	sys‐tems	designed	for	operational	analytics.	It	is	often	quoted
that	a	data	scientist	issomeone	who	is	better	at	engineering	than	most	statisticians,	and	better	at	statisticsthan	most	engineers.	At	the	very	least,	Spark	is	better	at	being	an	operational	systemthan	most	exploratory	systems	and	better	for	data	exploration	than	the	technologiescommonly	used	in	operational	systems.	It	is	built	for	performance	and
reliabilityfrom	the	ground	up.	Sitting	atop	the	JVM,	it	can	take	advantage	of	many	of	theoperational	and	debugging	tools	built	for	the	Java	stack.Spark	boasts	strong	integration	with	the	variety	of	tools	in	the	Hadoop	ecosystem.	Itcan	read	and	write	data	in	all	of	the	data	formats	supported	by	MapReduce,	allowingit	to	interact	with	formats	commonly
used	to	store	data	on	Hadoop,	like	Apache	Avroand	Apache	Parquet	(and	good	old	CSV).	It	can	read	from	and	write	to	NoSQL	data‐bases	like	Apache	HBase	and	Apache	Cassandra.	Its	stream-processing	library,	SparkStreaming,	can	ingest	data	continuously	from	systems	like	Apache	Flume	and	ApacheKafka.	Its	SQL	library,	SparkSQL,	can	interact
with	the	Apache	Hive	Metastore,	andthe	Hive	on	Spark	initiative	enabled	Spark	to	be	used	as	an	underlying	executionengine	for	Hive,	as	an	alternative	to	MapReduce.	It	can	run	inside	YARN,	Hadoop’sscheduler	and	resource	manager,	allowing	it	to	share	cluster	resources	dynamicallyand	to	be	managed	with	the	same	policies	as	other	processing
engines,	like	Map‐Reduce	and	Apache	Impala.About	This	BookThe	rest	of	this	book	is	not	going	to	be	about	Spark’s	merits	and	disadvantages.	Thereare	a	few	other	things	that	it	will	not	be	about	either.	It	will	introduce	the	Spark	pro‐gramming	model	and	Scala	basics,	but	it	will	not	attempt	to	be	a	Spark	reference	orprovide	a	comprehensive	guide	to
all	its	nooks	and	crannies.	It	will	not	try	to	be	amachine	learning,	statistics,	or	linear	algebra	reference,	although	many	of	the	chap‐ters	will	provide	some	background	on	these	before	using	them.Instead,	it	will	try	to	help	the	reader	get	a	feel	for	what	it’s	like	to	use	Spark	for	com‐plex	analytics	on	large	data	sets.	It	will	cover	the	entire	pipeline:	not
just	building	and6	|	Chapter	1:	Analyzing	Big	Dataevaluating	models,	but	also	cleansing,	preprocessing,	and	exploring	data,	with	atten‐tion	paid	to	turning	results	into	production	applications.	We	believe	that	the	best	wayto	teach	this	is	by	example,	so	after	a	quick	chapter	describing	Spark	and	its	ecosys‐tem,	the	rest	of	the	chapters	will	be	self-
contained	illustrations	of	what	it	looks	like	touse	Spark	for	analyzing	data	from	different	domains.When	possible,	we	will	attempt	not	to	just	provide	a	“solution,”	but	to	demonstratethe	full	data	science	workflow,	with	all	of	its	iterations,	dead	ends,	and	restarts.	Thisbook	will	be	useful	for	getting	more	comfortable	with	Scala,	Spark,	and
machinelearning	and	data	analysis.	However,	these	are	in	service	of	a	larger	goal,	and	we	hopethat	most	of	all,	this	book	will	teach	you	how	to	approach	tasks	like	those	described	atthe	beginning	of	this	chapter.	Each	chapter,	in	about	20	measly	pages,	will	try	to	get	asclose	as	possible	to	demonstrating	how	to	build	one	of	these	pieces	of	data	applica‐
tions.The	Second	EditionThe	years	2015	and	2016	saw	seismic	changes	in	Spark,	culminating	in	the	release	ofSpark	2.0	in	July	of	2016.	The	most	salient	of	these	changes	are	the	modifications	toSpark’s	core	API.	In	versions	prior	to	Spark	2.0,	Spark’s	API	centered	around	ResilientDistributed	Datasets	(RDDs),	which	are	lazily	instantiated	collections
of	objects,	par‐titioned	across	a	cluster	of	computers.Although	RDDs	enabled	a	powerful	and	expressive	API,	they	suffered	two	mainproblems.	First,	they	didn’t	lend	themselves	well	to	performant,	stable	execution.	Byrelying	on	Java	and	Python	objects,	RDDs	used	memory	inefficiently	and	exposedSpark	programs	to	long	garbage-collection	pauses.
They	also	tied	the	execution	planinto	the	API,	which	put	a	heavy	burden	on	the	user	to	optimize	the	execution	of	theirprogram.	For	example,	where	a	traditional	RDBMS	might	be	able	to	pick	the	best	joinstrategy	based	on	the	size	of	the	tables	being	joined,	Spark	required	users	to	make	thischoice	on	their	own.	Second,	Spark’s	API	ignored	the	fact
that	data	often	fits	into	astructured	relational	form,	and	when	it	does,	an	API	can	supply	primitives	thatmakes	the	data	much	easier	to	manipulate,	such	as	by	allowing	users	to	refer	to	col‐umn	names	instead	of	ordinal	positions	in	a	tuple.Spark	2.0	addressed	these	problems	by	replacing	RDDs	with	Datasets	and	Data‐Frames.	Datasets	are	similar	to
RDDs	but	map	the	objects	they	represent	to	encoders,which	enable	a	much	more	efficient	in-memory	representation.	This	means	thatSpark	programs	execute	faster,	use	less	memory,	and	run	more	predictably.	Spark	alsoplaces	an	optimizer	between	data	sets	and	their	execution	plan,	which	means	that	itcan	make	more	intelligent	decisions	about	how
to	execute	them.	DataFrame	is	a	sub‐class	of	Dataset	that	is	specialized	to	model	relational	data	(i.e.,	data	with	rows	andfixed	sets	of	columns).	By	understanding	the	notion	of	a	column,	Spark	can	offer	acleaner,	expressive	API,	as	well	as	enable	a	number	of	performance	optimizations.	For	The	Second	Edition	|	7example,	if	Spark	knows	that	only	a
subset	of	the	columns	are	needed	to	produce	aresult,	it	can	avoid	materializing	those	columns	into	memory.	And	many	transforma‐tions	that	previously	needed	to	be	expressed	as	user-defined	functions	(UDFs)	arenow	expressible	directly	in	the	API.	This	is	especially	advantageous	when	usingPython,	because	Spark’s	internal	machinery	can	execute
transformations	much	fasterthan	functions	defined	in	Python.	DataFrames	also	offer	interoperability	with	SparkSQL,	meaning	that	users	can	write	a	SQL	query	that	returns	a	data	frame	and	thenuse	that	DataFrame	programmatically	in	the	Spark-supported	language	of	theirchoice.	Although	the	new	API	looks	very	similar	to	the	old	API,	enough	details
havechanged	that	nearly	all	Spark	programs	need	to	be	updated.In	addition	to	the	code	API	changes,	Spark	2.0	saw	big	changes	to	the	APIs	used	formachine	learning	and	statistical	analysis.	In	prior	versions,	each	machine	learningalgorithm	had	its	own	API.	Users	who	wanted	to	prepare	data	for	input	into	algo‐rithms	or	to	feed	the	output	of	one
algorithm	into	another	needed	to	write	their	owncustom	orchestration	code.	Spark	2.0	contains	the	Spark	ML	API,	which	introduces	aframework	for	composing	pipelines	of	machine	learning	algorithms	and	featuretransformation	steps.	The	API,	inspired	by	Python’s	popular	Scikit-Learn	API,revolves	around	estimators	and	transformers,	objects	that
learn	parameters	from	thedata	and	then	use	those	parameters	to	transform	data.	The	Spark	ML	API	is	heavilyintegrated	with	the	DataFrames	API,	which	makes	it	easy	to	train	machine	learningmodels	on	relational	data.	For	example,	users	can	refer	to	features	by	name	instead	ofby	ordinal	position	in	a	feature	vector.Taken	together,	all	these	changes
to	Spark	have	rendered	much	of	the	first	editionobsolete.	This	second	edition	updates	all	of	the	chapters	to	use	the	new	Spark	APIswhen	possible.	Additionally,	we’ve	cut	some	bits	that	are	no	longer	relevant.	Forexample,	we’ve	removed	a	full	appendix	that	dealt	with	some	of	the	intricacies	of	theAPI,	in	part	because	Spark	now	handles	these
situations	intelligently	without	userintervention.	With	Spark	in	a	new	era	of	maturity	and	stability,	we	hope	that	thesechanges	will	preserve	the	book	as	an	useful	resource	on	analytics	with	Spark	for	yearsto	come.8	|	Chapter	1:	Analyzing	Big	DataCHAPTER	2	Introduction	to	Data	Analysis	with	Scala	and	Spark	Josh	Wills	If	you	are	immune	to	boredom,
there	is	literally	nothing	you	cannot	accomplish.	—David	Foster	WallaceData	cleansing	is	the	first	step	in	any	data	science	project,	and	often	the	most	impor‐tant.	Many	clever	analyses	have	been	undone	because	the	data	analyzed	had	funda‐mental	quality	problems	or	underlying	artifacts	that	biased	the	analysis	or	led	thedata	scientist	to	see	things
that	weren’t	really	there.Despite	its	importance,	most	textbooks	and	classes	on	data	science	either	don’t	coverdata	cleansing	or	only	give	it	a	passing	mention.	The	explanation	for	this	is	simple:cleansing	data	is	really	boring.	It	is	the	tedious,	dull	work	that	you	have	to	do	beforeyou	can	get	to	the	really	cool	machine	learning	algorithm	that	you’ve	been
dying	toapply	to	a	new	problem.	Many	new	data	scientists	tend	to	rush	past	it	to	get	their	datainto	a	minimally	acceptable	state,	only	to	discover	that	the	data	has	major	qualityissues	after	they	apply	their	(potentially	computationally	intensive)	algorithm	andend	up	with	a	nonsense	answer	as	output.Everyone	has	heard	the	saying	“garbage	in,	garbage
out.”	But	there	is	something	evenmore	pernicious:	getting	reasonable-looking	answers	from	a	reasonable-looking	dataset	that	has	major	(but	not	obvious	at	first	glance)	quality	issues.	Drawing	significantconclusions	based	on	this	kind	of	mistake	is	the	sort	of	thing	that	gets	data	scientistsfired.One	of	the	most	important	talents	that	you	can	develop	as
a	data	scientist	is	the	abil‐ity	to	discover	interesting	and	worthwhile	problems	in	every	phase	of	the	data	analyt‐ics	lifecycle.	The	more	skill	and	brainpower	that	you	can	apply	early	on	in	an	analysisproject,	the	stronger	your	confidence	will	be	in	your	final	product.	9Of	course,	it’s	easy	to	say	all	that—it’s	the	data	science	equivalent	of	telling	children
toeat	their	vegetables—but	it’s	much	more	fun	to	play	with	a	new	tool	like	Spark	thatlets	us	build	fancy	machine	learning	algorithms,	develop	streaming	data	processingengines,	and	analyze	web-scale	graphs.	And	what	better	way	to	introduce	you	toworking	with	data	using	Spark	and	Scala	than	a	data	cleansing	exercise?Scala	for	Data	ScientistsMost
data	scientists	have	a	favorite	tool,	like	R	or	Python,	for	interactive	data	mung‐ing	and	analysis.	Although	they’re	willing	to	work	in	other	environments	when	theyhave	to,	data	scientists	tend	to	get	very	attached	to	their	favorite	tool,	and	are	alwayslooking	to	find	a	way	to	use	it.	Introducing	a	data	scientist	to	a	new	tool	that	has	anew	syntax	and	set	of
patterns	to	learn	can	be	challenging	under	the	best	of	circum‐stances.There	are	libraries	and	wrappers	for	Spark	that	allow	you	to	use	it	from	R	or	Python.The	Python	wrapper,	which	is	called	PySpark,	is	actually	quite	good;	we’ll	cover	someexamples	that	involve	using	it	in	Chapter	11.	But	the	vast	majority	of	our	exampleswill	be	written	in	Scala,
because	we	think	that	learning	how	to	work	with	Spark	in	thesame	language	in	which	the	underlying	framework	is	written	has	a	number	of	advan‐tages,	such	as	the	following:It	reduces	performance	overhead.	Whenever	we’re	running	an	algorithm	in	R	or	Python	on	top	of	a	JVM-based	language	like	Scala,	we	have	to	do	some	work	to	pass	code	and
data	across	the	different	environments,	and	oftentimes,	things	can	get	lost	in	translation.	When	you’re	writing	data	analysis	algorithms	in	Spark	with	the	Scala	API,	you	can	be	far	more	confident	that	your	program	will	run	as	intended.It	gives	you	access	to	the	latest	and	greatest.	All	of	Spark’s	machine	learning,	stream	processing,	and	graph	analytics
libraries	are	written	in	Scala,	and	the	Python	and	R	bindings	tend	to	get	support	this	new	functionality	much	later.	If	you	want	to	take	advantage	of	all	the	features	that	Spark	has	to	offer	(without	waiting	for	a	port	to	other	language	bindings),	you	will	need	to	learn	at	least	a	little	bit	of	Scala;	and	if	you	want	to	be	able	to	extend	those	functions	to
solve	new	problems	you	encounter,	you’ll	need	to	learn	a	little	bit	more.It	will	help	you	understand	the	Spark	philosophy.	Even	when	you’re	using	Spark	from	Python	or	R,	the	APIs	reflect	the	underlying	computation	philosophy	that	Spark	inherited	from	the	language	in	which	it	was	developed—Scala.	If	you	know	how	to	use	Spark	in	Scala—even	if	you
primarily	use	it	from	other	languages—you’ll	have	a	better	understanding	of	the	system	and	will	be	in	a	better	position	to	“think	in	Spark.”10	|	Chapter	2:	Introduction	to	Data	Analysis	with	Scala	and	SparkThere	is	another	advantage	of	learning	how	to	use	Spark	from	Scala,	but	it’s	a	bitmore	difficult	to	explain	because	of	how	different	Spark	is	from
any	other	data	analy‐sis	tool.	If	you’ve	ever	analyzed	data	pulled	from	a	database	in	R	or	Python,	you’reused	to	working	with	languages	like	SQL	to	retrieve	the	information	you	want,	andthen	switching	into	R	or	Python	to	manipulate	and	visualize	that	data.	You’re	used	tousing	one	language	(SQL)	for	retrieving	and	manipulating	lots	of	data	stored	in
aremote	cluster,	and	another	language	(Python/R)	for	manipulating	and	visualizinginformation	stored	on	your	own	machine.	And	if	you	wanted	to	move	some	of	yourcomputation	into	the	database	engine	via	a	SQL	UDF,	you	needed	to	move	to	yetanother	programming	environment	like	C++	or	Java	and	learn	a	bit	about	the	inter‐nals	of	the	database.	If
you’ve	been	doing	this	for	long	enough,	you	probably	don’teven	think	about	it	anymore.With	Spark	and	Scala,	the	experience	is	different,	because	you	have	the	option	ofusing	the	same	language	for	everything.	You’re	writing	Scala	to	retrieve	data	from	thecluster	via	Spark.	You’re	writing	Scala	to	manipulate	that	data	locally	on	yourmachine.	And	then
—and	this	is	the	really	neat	part—you	can	send	Scala	code	into	thecluster	so	that	you	can	perform	the	exact	same	transformations	that	you	performedlocally	on	data	that	is	still	stored	in	the	cluster.	Even	when	you’re	working	in	a	higher-level	language	like	Spark	SQL,	you	can	write	your	UDFs	inline,	register	them	with	theSpark	SQL	engine,	and	use
them	right	away—no	context	switching	required.It’s	difficult	to	express	how	transformative	it	is	to	do	all	of	your	data	munging	andanalysis	in	a	single	environment,	regardless	of	where	the	data	itself	is	stored	and	pro‐cessed.	It’s	the	sort	of	thing	that	you	have	to	experience	to	understand,	and	we	wantedto	be	sure	that	our	examples	captured	some	of
that	magic	feeling	we	experiencedwhen	we	first	started	using	Spark.The	Spark	Programming	ModelSpark	programming	starts	with	a	data	set,	usually	residing	in	some	form	of	dis‐tributed,	persistent	storage	like	HDFS.	Writing	a	Spark	program	typically	consists	of	afew	related	steps:	1.	Define	a	set	of	transformations	on	the	input	data	set.	2.	Invoke
actions	that	output	the	transformed	data	sets	to	persistent	storage	or	return	results	to	the	driver’s	local	memory.	3.	Run	local	computations	that	operate	on	the	results	computed	in	a	distributed	fashion.	These	can	help	you	decide	what	transformations	and	actions	to	under‐	take	next.As	Spark	has	matured	from	version	1.2	to	version	2.1,	the	number
and	quality	oftools	available	for	performing	these	steps	have	increased.	You	can	mix	and	match	The	Spark	Programming	Model	|	11complex	SQL	queries,	machine	learning	libraries,	and	custom	code	as	you	carry	outyour	analysis,	and	you	can	leverage	all	of	the	higher-level	abstractions	that	the	Sparkcommunity	has	developed	over	the	past	few	years
in	order	to	answer	more	questionsin	less	time.	At	the	same	time,	it’s	important	to	remember	that	all	of	these	higher-levelabstractions	still	rely	on	the	same	philosophy	that	has	been	present	in	Spark	since	thevery	beginning:	the	interplay	between	storage	and	execution.	Spark	pairs	theseabstractions	in	an	elegant	way	that	essentially	allows	any
intermediate	step	in	a	dataprocessing	pipeline	to	be	cached	in	memory	for	later	use.	Understanding	these	prin‐ciples	will	help	you	make	better	use	of	Spark	for	data	analysis.Record	LinkageThe	problem	that	we’re	going	to	study	in	this	chapter	goes	by	a	lot	of	different	namesin	the	literature	and	in	practice:	entity	resolution,	record	deduplication,
merge-and-purge,	and	list	washing.	Ironically,	this	makes	it	difficult	to	find	all	of	the	researchpapers	on	this	topic	in	order	to	get	a	good	overview	of	solution	techniques;	we	need	adata	scientist	to	deduplicate	the	references	to	this	data	cleansing	problem!	For	ourpurposes	in	the	rest	of	this	chapter,	we’re	going	to	refer	to	this	problem	as	record	link‐
age.The	general	structure	of	the	problem	is	something	like	this:	we	have	a	large	collectionof	records	from	one	or	more	source	systems,	and	it	is	likely	that	multiple	recordsrefer	to	the	same	underlying	entity,	such	as	a	customer,	a	patient,	or	the	location	of	abusiness	or	an	event.	Each	entity	has	a	number	of	attributes,	such	as	a	name,	anaddress,	or	a
birthday,	and	we	will	need	to	use	these	attributes	to	find	the	records	thatrefer	to	the	same	entity.	Unfortunately,	the	values	of	these	attributes	aren’t	perfect:values	might	have	different	formatting,	typos,	or	missing	information	that	means	thata	simple	equality	test	on	the	values	of	the	attributes	will	cause	us	to	miss	a	significantnumber	of	duplicate
records.	For	example,	let’s	compare	the	business	listings	shownin	Table	2-1.Table	2-1.	The	challenge	of	record	linkageName	Address	City	State	PhoneJosh’s	Coffee	Shop	1234	Sunset	Boulevard	West	Hollywood	CA	(213)-555-1212Josh	Coffee	1234	Sunset	Blvd	West	Hollywood	CA	555-1212Coffee	Chain	#1234	1400	Sunset	Blvd	#2	Hollywood	CA	206-
555-1212Coffee	Chain	Regional	Office	1400	Sunset	Blvd	Suite	2	Hollywood	California	206-555-1212The	first	two	entries	in	this	table	refer	to	the	same	small	coffee	shop,	even	though	adata	entry	error	makes	it	look	as	if	they	are	in	two	different	cities	(West	Hollywoodand	Hollywood).	The	second	two	entries,	on	the	other	hand,	are	actually	referring
todifferent	business	locations	of	the	same	chain	of	coffee	shops	that	happen	to	share	a12	|	Chapter	2:	Introduction	to	Data	Analysis	with	Scala	and	Sparkcommon	address:	one	of	the	entries	refers	to	an	actual	coffee	shop,	and	the	other	onerefers	to	a	local	corporate	office	location.	Both	of	the	entries	give	the	official	phonenumber	of	corporate
headquarters	in	Seattle.This	example	illustrates	everything	that	makes	record	linkage	so	difficult:	eventhough	both	pairs	of	entries	look	similar	to	each	other,	the	criteria	that	we	use	tomake	the	duplicate/not-duplicate	decision	is	different	for	each	pair.	This	is	the	kindof	distinction	that	is	easy	for	a	human	to	understand	and	identify	at	a	glance,	but
isdifficult	for	a	computer	to	learn.Getting	Started:	The	Spark	Shell	and	SparkContextWe’re	going	to	use	a	sample	data	set	from	the	UC	Irvine	Machine	Learning	Reposi‐tory,	which	is	a	fantastic	source	for	interesting	(and	free)	data	sets	for	research	andeducation.	The	data	set	we’ll	analyze	was	curated	from	a	record	linkage	study	per‐formed	at	a
German	hospital	in	2010,	and	it	contains	several	million	pairs	of	patientrecords	that	were	matched	according	to	several	different	criteria,	such	as	the	patient’sname	(first	and	last),	address,	and	birthday.	Each	matching	field	was	assigned	anumerical	score	from	0.0	to	1.0	based	on	how	similar	the	strings	were,	and	the	datawas	then	hand-labeled	to
identify	which	pairs	represented	the	same	person	andwhich	did	not.	The	underlying	values	of	the	fields	that	were	used	to	create	the	data	setwere	removed	to	protect	the	privacy	of	the	patients.	Numerical	identifiers,	the	matchscores	for	the	fields,	and	the	label	for	each	pair	(match	versus	nonmatch)	were	pub‐lished	for	use	in	record	linkage
research.From	the	shell,	let’s	pull	the	data	from	the	repository:	$	mkdir	linkage	$	cd	linkage/	$	curl	-L	-o	donation.zip	$	unzip	donation.zip	$	unzip	'block_*.zip'If	you	have	a	Hadoop	cluster	handy,	you	can	create	a	directory	for	the	block	data	inHDFS	and	copy	the	files	from	the	data	set	there:	$	hadoop	fs	-mkdir	linkage	$	hadoop	fs	-put	block_*.csv
linkageThe	examples	and	code	in	this	book	assume	you	have	Spark	2.1.0	available.	Releasescan	be	obtained	from	the	Spark	project	site.	Refer	to	the	Spark	documentation	forinstructions	on	setting	up	a	Spark	environment,	whether	on	a	cluster	or	simply	onyour	local	machine.Now	we’re	ready	to	launch	the	spark-shell,	which	is	a	REPL	for	the	Scala
languagethat	also	has	some	Spark-specific	extensions.	If	you’ve	never	seen	the	term	REPLbefore,	you	can	think	of	it	as	something	similar	to	the	R	environment:	it’s	a	console	Getting	Started:	The	Spark	Shell	and	SparkContext	|	13where	you	can	define	functions	and	manipulate	data	in	the	Scala	programming	lan‐guage.If	you	have	a	Hadoop	cluster
that	runs	a	version	of	Hadoop	that	supports	YARN,	youcan	launch	the	Spark	jobs	on	the	cluster	by	using	the	value	of	yarn	for	the	Spark	mas‐ter:	$	spark-shell	--master	yarn	--deploy-mode	clientHowever,	if	you’re	just	running	these	examples	on	your	personal	computer,	you	canlaunch	a	local	Spark	cluster	by	specifying	local[N],	where	N	is	the	number
of	threadsto	run,	or	*	to	match	the	number	of	cores	available	on	your	machine.	For	example,	tolaunch	a	local	cluster	that	uses	eight	threads	on	an	eight-core	machine:	$	spark-shell	--master	local[*]The	examples	will	work	the	same	way	locally.	You	will	simply	pass	paths	to	local	files,rather	than	paths	on	HDFS	beginning	with	hdfs://.	Note	that	you	will
still	need	tocp	block_*.csv	into	your	chosen	local	directory	rather	than	use	the	directory	con‐taining	files	you	unzipped	earlier,	because	it	contains	a	number	of	other	files	in	addi‐tion	to	the	.csv	data	files.The	rest	of	the	examples	in	this	book	will	not	show	a	--master	argument	to	spark-shell,	but	you	will	typically	need	to	specify	this	argument	as
appropriate	for	yourenvironment.You	may	need	to	specify	additional	arguments	to	make	the	Spark	shell	fully	utilizeyour	resources.	For	example,	when	running	Spark	with	a	local	master,	you	can	use	--driver-memory	2g	to	let	the	single	local	process	use	2	GB	of	memory.	YARN	mem‐ory	configuration	is	more	complex,	and	relevant	options	like	--
executor-memory	areexplained	in	the	Spark	on	YARN	documentation.After	running	one	of	these	commands,	you	will	see	a	lot	of	log	messages	from	Sparkas	it	initializes	itself,	but	you	should	also	see	a	bit	of	ASCII	art,	followed	by	someadditional	log	messages	and	a	prompt:Spark	context	Web	UI	available	at	Spark	context	available	as	'sc'	(master	=
local[*],	app	id	=	...).Spark	session	available	as	'spark'.Welcome	to____	__/	__/__	___	_____/	/___\	\/	_	\/	_	`/	__/	'_//___/	.__/\_,_/_/	/_/\_\	version	2.1.0/_/Using	Scala	version	2.11.8	(Java	HotSpot(TM)	64-Bit	Server	VM,	Java	1.8.0_60)Type	in	expressions	to	have	them	evaluated.Type	:help	for	more	information.scala>14	|	Chapter	2:	Introduction	to	Data	Analysis
with	Scala	and	SparkIf	this	is	your	first	time	using	the	Spark	shell	(or	any	Scala	REPL,	for	that	matter),	youshould	run	the	:help	command	to	list	available	commands	in	the	shell.	:historyand	:h?	can	be	helpful	for	finding	the	names	of	variables	or	functions	that	you	wroteduring	a	session	but	can’t	seem	to	find	at	the	moment.	:paste	can	help	you
correctlyinsert	code	from	the	clipboard—something	you	might	want	to	do	while	followingalong	with	the	book	and	its	accompanying	source	code.In	addition	to	the	note	about	:help,	the	Spark	log	messages	indicated	“Spark	contextavailable	as	sc.”	This	is	a	reference	to	the	SparkContext,	which	coordinates	the	execu‐tion	of	Spark	jobs	on	the	cluster.	Go
ahead	and	type	sc	at	the	command	line:	sc	...	res:	org.apache.spark.SparkContext	=	[email	protected]The	REPL	will	print	the	string	form	of	the	object.	For	the	SparkContext	object,	this	issimply	its	name	plus	the	hexadecimal	address	of	the	object	in	memory.	(DEADBEEF	is	aplaceholder;	the	exact	value	you	see	here	will	vary	from	run	to	run.)It’s	good
that	the	sc	variable	exists,	but	what	exactly	do	we	do	with	it?	SparkContextis	an	object,	so	it	has	methods	associated	with	it.	We	can	see	what	those	methods	arein	the	Scala	REPL	by	typing	the	name	of	a	variable,	followed	by	a	period,	followed	bytab:sc.[\t]...!=	hashCode##	isInstanceOf+	isLocal->	isStopped==	jarsaccumulable
killExecutoraccumulableCollection	killExecutorsaccumulator	listFilesaddFile	listJarsaddJar	longAccumulator...	(lots	of	other	methods)getClass	stopgetConf	submitJobgetExecutorMemoryStatus	synchronizedgetExecutorStorageStatus	textFilegetLocalProperty	toStringgetPersistentRDDs	uiWebUrlgetPoolForName	uniongetRDDStorageInfo
versiongetSchedulingMode	waithadoopConfiguration	wholeTextFileshadoopFile	→	Getting	Started:	The	Spark	Shell	and	SparkContext	|	15The	SparkContext	has	a	long	list	of	methods,	but	the	ones	that	we’re	going	to	usemost	often	allow	us	to	create	Resilient	Distributed	Datasets,	or	RDDs.	An	RDD	isSpark’s	fundamental	abstraction	for	representing	a
collection	of	objects	that	can	bedistributed	across	multiple	machines	in	a	cluster.	There	are	two	ways	to	create	anRDD	in	Spark:	•	Using	the	SparkContext	to	create	an	RDD	from	an	external	data	source,	like	a	file	in	HDFS,	a	database	table	via	JDBC,	or	a	local	collection	of	objects	that	we	create	in	the	Spark	shell	•	Performing	a	transformation	on	one
or	more	existing	RDDs,	like	filtering	records,	aggregating	records	by	a	common	key,	or	joining	multiple	RDDs	togetherRDDs	are	a	convenient	way	to	describe	the	computations	that	we	want	to	perform	onour	data	as	a	sequence	of	small,	independent	steps.	Resilient	Distributed	Datasets	An	RDD	is	laid	out	across	the	cluster	of	machines	as	a	collection
of	partitions,	each	including	a	subset	of	the	data.	Partitions	define	the	unit	of	parallelism	in	Spark.	The	framework	processes	the	objects	within	a	partition	in	sequence,	and	processes	multi‐	ple	partitions	in	parallel.	One	of	the	simplest	ways	to	create	an	RDD	is	to	use	the	parallelize	method	on	SparkContext	with	a	local	collection	of	objects:	val	rdd	=
sc.parallelize(Array(1,	2,	2,	4),	4)	...	rdd:	org.apache.spark.rdd.RDD[Int]	=	...	The	first	argument	is	the	collection	of	objects	to	parallelize.	The	second	is	the	number	of	partitions.	When	the	time	comes	to	compute	the	objects	within	a	partition,	Spark	fetches	a	subset	of	the	collection	from	the	driver	process.	To	create	an	RDD	from	a	text	file	or	directory
of	text	files	residing	in	a	distributed	filesystem	like	HDFS,	we	can	pass	the	name	of	the	file	or	directory	to	the	textFile	method:	val	rdd2	=	sc.textFile("hdfs:///some/path.txt")	...	rdd2:	org.apache.spark.rdd.RDD[String]	=	...	When	you’re	running	Spark	in	local	mode,	the	textFile	method	can	access	paths	that	reside	on	the	local	filesystem.	If	Spark	is
given	a	directory	instead	of	an	individ‐	ual	file,	it	will	consider	all	of	the	files	in	that	directory	as	part	of	the	given	RDD.	Finally,	note	that	no	actual	data	has	been	read	by	Spark	or	loaded	into	memory	yet,	either	on	our	client	machine	or	the	cluster.	When	the	time	comes	to	compute	the	objects	within	a	partition,	Spark	reads	a	section	(also	known	as	a
split)	of	the	input16	|	Chapter	2:	Introduction	to	Data	Analysis	with	Scala	and	Spark	www.allitebooks.comfile,	and	then	applies	any	subsequent	transformations	(filtering,	aggregation,	etc.)	that	we	defined	via	other	RDDs.Our	record	linkage	data	is	stored	in	a	text	file,	with	one	observation	on	each	line.	Wewill	use	the	textFile	method	on	SparkContext
to	get	a	reference	to	this	data	as	anRDD:	val	rawblocks	=	sc.textFile("linkage")	...	rawblocks:	org.apache.spark.rdd.RDD[String]	=	...There	are	a	few	things	happening	on	this	line	that	are	worth	going	over.	First,	we’redeclaring	a	new	variable	called	rawblocks.	As	we	can	see	from	the	shell,	the	rawblocks	variable	has	a	type	of	RDD[String],	even
though	we	never	specified	that	typeinformation	in	our	variable	declaration.	This	is	a	feature	of	the	Scala	programminglanguage	called	type	inference,	and	it	saves	us	a	lot	of	typing	when	we’re	working	withthe	language.	Whenever	possible,	Scala	figures	out	what	type	a	variable	has	based	onits	context.	In	this	case,	Scala	looks	up	the	return	type	from
the	textFile	function	onthe	SparkContext	object,	sees	that	it	returns	an	RDD[String],	and	assigns	that	type	tothe	rawblocks	variable.Whenever	we	create	a	new	variable	in	Scala,	we	must	preface	the	name	of	the	variablewith	either	val	or	var.	Variables	that	are	prefaced	with	val	are	immutable,	and	can‐not	be	changed	to	refer	to	another	value	once
they	are	assigned,	whereas	variablesthat	are	prefaced	with	var	can	be	changed	to	refer	to	different	objects	of	the	sametype.	Watch	what	happens	when	we	execute	the	following	code:	rawblocks	=	sc.textFile("linkage")	...	:	error:	reassignment	to	val	var	varblocks	=	sc.textFile("linkage")	varblocks	=	sc.textFile("linkage")Attempting	to	reassign	the
linkage	data	to	the	rawblocks	val	threw	an	error,	butreassigning	the	varblocks	var	is	fine.	Within	the	Scala	REPL,	there	is	an	exception	tothe	reassignment	of	vals,	because	we	are	allowed	to	redeclare	the	same	immutablevariable,	like	the	following:	val	rawblocks	=	sc.textFile("linakge")	val	rawblocks	=	sc.textFile("linkage")	Getting	Started:	The	Spark
Shell	and	SparkContext	|	17In	this	case,	no	error	is	thrown	on	the	second	declaration	of	rawblocks.	This	isn’t	typ‐ically	allowed	in	normal	Scala	code,	but	it’s	fine	to	do	in	the	shell,	and	we	will	makeextensive	use	of	this	feature	throughout	the	examples	in	the	book.	The	REPL	and	Compilation	In	addition	to	its	interactive	shell,	Spark	also	supports
compiled	applications.	We	typ‐	ically	recommend	using	Apache	Maven	for	compiling	and	managing	dependencies.	The	GitHub	repository	included	with	this	book	holds	a	self-contained	Maven	project	in	the	simplesparkproject/	directory	to	help	you	get	started.	With	both	the	shell	and	compilation	as	options,	which	should	you	use	when	testing	and
building	a	data	pipeline?	It	is	often	useful	to	start	working	entirely	in	the	REPL.	This	enables	quick	prototyping,	faster	iteration,	and	less	lag	time	between	ideas	and	results.	However,	as	the	program	builds	in	size,	maintaining	a	monolithic	file	of	code	can	become	more	onerous,	and	Scala’s	interpretation	eats	up	more	time.	This	can	be	exacerbated	by
the	fact	that,	when	you’re	dealing	with	massive	data,	it	is	not	uncom‐	mon	for	an	attempted	operation	to	cause	a	Spark	application	to	crash	or	otherwise	render	a	SparkContext	unusable.	This	means	that	any	work	and	code	typed	in	so	far	becomes	lost.	At	this	point,	it	is	often	useful	to	take	a	hybrid	approach.	Keep	the	fron‐	tier	of	development	in	the
REPL	and	as	pieces	of	code	harden,	move	them	over	into	a	compiled	library.	You	can	make	the	compiled	JAR	available	to	spark-shell	by	pass‐	ing	it	to	the	--jars	command-line	flag.	When	done	right,	the	compiled	JAR	only	needs	to	be	rebuilt	infrequently,	and	the	REPL	allows	for	fast	iteration	on	code	and	approaches	that	still	need	ironing	out.	What
about	referencing	external	Java	and	Scala	libraries?	To	compile	code	that	refer‐	ences	external	libraries,	you	need	to	specify	the	libraries	inside	the	project’s	Maven	configuration	(pom.xml).	To	run	code	that	accesses	external	libraries,	you	need	to	include	the	JARs	for	these	libraries	on	the	classpath	of	Spark’s	processes.	A	good	way	to	make	this
happen	is	to	use	Maven	to	package	a	JAR	that	includes	all	of	your	appli‐	cation’s	dependencies.	You	can	then	reference	this	JAR	when	starting	the	shell	by	using	the	--jars	property.	The	advantage	of	this	approach	is	that	the	dependencies	only	need	to	be	specified	once:	in	the	Maven	pom.xml.	Again,	the	simplesparkproject/	directory	in	the	GitHub
repository	shows	you	how	to	accomplish	this.	If	you	know	of	a	third-party	JAR	that	is	published	to	a	Maven	repository,	you	can	tell	the	spark-shell	to	load	the	JAR	by	passing	its	Maven	coordinates	via	the	--packages	command-line	argument.	For	example,	to	load	the	Wisp	Visualization	Library	for	Scala	2.11,	you	would	pass	--packages
"com.quantifind:wisp_2.11:0.0.4"	to	the	spark-shell.	If	the	JAR	is	stored	in	a	repository	besides	Maven	Central,	you	can	tell	Spark	where	to	look	for	the	JAR	by	passing	the	repository	URL	to	the	--	repositories	argument.	Both	the	--packages	and	--repositories	arguments	can18	|	Chapter	2:	Introduction	to	Data	Analysis	with	Scala	and	Sparktake	comma-
separated	arguments	if	you	need	to	load	from	multiple	packages	or	repo‐	sitories.Bringing	Data	from	the	Cluster	to	the	ClientRDDs	have	a	number	of	methods	that	allow	us	to	read	data	from	the	cluster	into	theScala	REPL	on	our	client	machine.	Perhaps	the	simplest	of	these	is	first,	whichreturns	the	first	element	of	the	RDD	into	the	client:
rawblocks.first	...	res:	String	=	"id_1","id_2","cmp_fname_c1","cmp_fname_c2",...The	first	method	can	be	useful	for	sanity	checking	a	data	set,	but	we’re	generallyinterested	in	bringing	back	larger	samples	of	an	RDD	into	the	client	for	analysis.When	we	know	that	an	RDD	only	contains	a	small	number	of	records,	we	can	use	thecollect	method	to	return
all	the	contents	of	an	RDD	to	the	client	as	an	array.Because	we	don’t	know	how	big	the	linkage	data	set	is	just	yet,	we’ll	hold	off	on	doingthis	right	now.We	can	strike	a	balance	between	first	and	collect	with	the	take	method,	whichallows	us	to	read	a	given	number	of	records	into	an	array	on	the	client.	Let’s	use	taketo	get	the	first	10	lines	from	the
linkage	data	set:	val	head	=	rawblocks.take(10)	...	head:	Array[String]	=	Array("id_1","id_2","cmp_fname_c1",...	head.length	...	res:	Int	=	10	Actions	The	act	of	creating	an	RDD	does	not	cause	any	distributed	computation	to	take	place	on	the	cluster.	Rather,	RDDs	define	logical	data	sets	that	are	intermediate	steps	in	a	computation.	Distributed
computation	occurs	upon	invoking	an	action	on	an	RDD.	For	example,	the	count	action	returns	the	number	of	objects	in	an	RDD:	rdd.count()	14/09/10	17:36:09	INFO	SparkContext:	Starting	job:	count	...	14/09/10	17:36:09	INFO	SparkContext:	Job	finished:	count	...	res0:	Long	=	4	The	collect	action	returns	an	Array	with	all	the	objects	from	the	RDD.
This	Array	resides	in	local	memory,	not	on	the	cluster:	Bringing	Data	from	the	Cluster	to	the	Client	|	19rdd.collect()	14/09/29	00:58:09	INFO	SparkContext:	Starting	job:	collect	...	14/09/29	00:58:09	INFO	SparkContext:	Job	finished:	collect	...	res2:	Array[(Int,	Int)]	=	Array((4,1),	(1,1),	(2,2))Actions	need	not	only	return	results	to	the	local	process.	The
saveAsTextFile	actionsaves	the	contents	of	an	RDD	to	persistent	storage,	such	as	HDFS:	rdd.saveAsTextFile("hdfs:///user/ds/mynumbers")	14/09/29	00:38:47	INFO	SparkContext:	Starting	job:	saveAsTextFile	...	14/09/29	00:38:49	INFO	SparkContext:	Job	finished:	saveAsTextFile	...The	action	creates	a	directory	and	writes	out	each	partition	as	a	file
within	it.	Fromthe	command	line	outside	of	the	Spark	shell:	hadoop	fs	-ls	/user/ds/mynumbers-rw-r--r--	3	ds	supergroup	0	2014-09-29	00:38	myfile.txt/_SUCCESS-rw-r--r--	3	ds	supergroup	4	2014-09-29	00:38	myfile.txt/part-00000-rw-r--r--	3	ds	supergroup	4	2014-09-29	00:38	myfile.txt/part-00001Remember	that	textFile	can	accept	a	directory	of	text
files	as	input,	meaning	that	afuture	Spark	job	could	refer	to	mynumbers	as	an	input	directory.The	raw	form	of	data	returned	by	the	Scala	REPL	can	be	somewhat	hard	to	read,especially	for	arrays	that	contain	more	than	a	handful	of	elements.	To	make	it	easierto	read	the	contents	of	an	array,	we	can	use	the	foreach	method	in	conjunction	withprintln
to	print	out	each	value	in	the	array	on	its	own	line:	head.foreach(println)	...	"id_1","id_2","cmp_fname_c1","cmp_fname_c2","cmp_lname_c1","cmp_lname_c2",	"cmp_sex","cmp_bd","cmp_bm","cmp_by","cmp_plz","is_match"	37291,53113,0.833333333333333,?,1,?,1,1,1,1,0,TRUE	39086,47614,1,?,1,?,1,1,1,1,1,TRUE	70031,70237,1,?,1,?,1,1,1,1,1,TRUE
84795,97439,1,?,1,?,1,1,1,1,1,TRUE	36950,42116,1,?,1,1,1,1,1,1,1,TRUE	42413,48491,1,?,1,?,1,1,1,1,1,TRUE	25965,64753,1,?,1,?,1,1,1,1,1,TRUE	49451,90407,1,?,1,?,1,1,1,1,0,TRUE	39932,40902,1,?,1,?,1,1,1,1,1,TRUEThe	foreach(println)	pattern	is	one	that	we	will	frequently	use	in	this	book.	It’s	anexample	of	a	common	functional	programming
pattern,	where	we	pass	one	function(println)	as	an	argument	to	another	function	(foreach)	in	order	to	perform	someaction.	This	kind	of	programming	style	will	be	familiar	to	data	scientists	who	haveworked	with	R	and	are	used	to	processing	vectors	and	lists	by	avoiding	for	loops	and20	|	Chapter	2:	Introduction	to	Data	Analysis	with	Scala	and
Sparkinstead	using	higher-order	functions	like	apply	and	lapply.	Collections	in	Scala	aresimilar	to	lists	and	vectors	in	R	in	that	we	generally	want	to	avoid	for	loops	andinstead	process	the	elements	of	the	collection	using	higher-order	functions.Immediately,	we	see	a	couple	of	issues	with	the	data	that	we	need	to	address	before	webegin	our	analysis.
First,	the	CSV	files	contain	a	header	row	that	we’ll	want	to	filterout	from	our	subsequent	analysis.	We	can	use	the	presence	of	the	"id_1"	string	in	therow	as	our	filter	condition,	and	write	a	small	Scala	function	that	tests	for	the	presenceof	that	string	inside	the	line:	def	isHeader(line:	String)	=	line.contains("id_1")	isHeader:	(line:	String)BooleanLike
Python,	we	declare	functions	in	Scala	using	the	keyword	def.	Unlike	Python,	wehave	to	specify	the	types	of	the	arguments	to	our	function;	in	this	case,	we	have	toindicate	that	the	line	argument	is	a	String.	The	body	of	the	function,	which	uses	thecontains	method	for	the	String	class	to	test	whether	or	not	the	characters	"id_1"appear	anywhere	in	the
string,	comes	after	the	equals	sign.	Even	though	we	had	tospecify	a	type	for	the	line	argument,	note	that	we	did	not	have	to	specify	a	returntype	for	the	function,	because	the	Scala	compiler	was	able	to	infer	the	type	based	onits	knowledge	of	the	String	class	and	the	fact	that	the	contains	method	returns	trueor	false.Sometimes	we	will	want	to	specify
the	return	type	of	a	function	ourselves,	especiallyfor	long,	complex	functions	with	multiple	return	statements,	where	the	Scala	com‐piler	can’t	necessarily	infer	the	return	type	itself.	We	might	also	want	to	specify	areturn	type	for	our	function	in	order	to	make	it	easier	for	someone	else	reading	ourcode	later	to	be	able	to	understand	what	the	function
does	without	having	to	rereadthe	entire	method.	We	can	declare	the	return	type	for	the	function	right	after	theargument	list,	like	this:	def	isHeader(line:	String):	Boolean	=	{	line.contains("id_1")	}	isHeader:	(line:	String)BooleanWe	can	test	our	new	Scala	function	against	the	data	in	the	head	array	by	using	thefilter	method	on	Scala’s	Array	class	and
then	printing	the	results:	head.filter(isHeader).foreach(println)	...	"id_1","id_2","cmp_fname_c1","cmp_fname_c2","cmp_lname_c1",...It	looks	like	our	isHeader	method	works	correctly;	the	only	result	that	was	returnedfrom	applying	it	to	the	head	array	via	the	filter	method	was	the	header	line	itself.But	of	course,	what	we	really	want	to	do	is	get	all	of
the	rows	in	the	data	except	the	Bringing	Data	from	the	Cluster	to	the	Client	|	21header	rows.	There	are	a	few	ways	that	we	can	do	this	in	Scala.	Our	first	option	is	totake	advantage	of	the	filterNot	method	on	the	Array	class:	head.filterNot(isHeader).length	...	res:	Int	=	9We	could	also	use	Scala’s	support	for	anonymous	functions	to	negate	the
isHeaderfunction	from	inside	filter:	head.filter(x	=>	!isHeader(x)).length	...	res:	Int	=	9Anonymous	functions	in	Scala	are	somewhat	like	Python’s	lambda	functions.	In	thiscase,	we	defined	an	anonymous	function	that	takes	a	single	argument	called	x,	passesx	to	the	isHeader	function,	and	returns	the	negation	of	the	result.	Note	that	we	didnot	have	to
specify	any	type	information	for	the	x	variable	in	this	instance;	the	Scalacompiler	was	able	to	infer	that	x	is	a	String	from	the	fact	that	head	is	anArray[String].There	is	nothing	that	Scala	programmers	hate	more	than	typing,	so	Scala	has	lots	oflittle	features	designed	to	reduce	the	amount	of	typing	necessary.	For	example,	in	ouranonymous	function
definition,	we	had	to	type	the	characters	x	=>	to	declare	ouranonymous	function	and	give	its	argument	a	name.	For	simple	anonymous	functionslike	this	one,	we	don’t	even	have	to	do	that—Scala	allows	us	to	use	an	underscore	(_)to	represent	the	argument	to	the	function	so	that	we	can	save	four	characters:	head.filter(!isHeader(_)).length	...	res:	Int
=	9Sometimes,	this	abbreviated	syntax	makes	the	code	easier	to	read	because	it	avoidsduplicating	obvious	identifiers.	But	other	times,	this	shortcut	just	makes	the	codecryptic.	The	code	listings	throughout	this	book	use	one	or	the	other	according	to	ourbest	judgment.Shipping	Code	from	the	Client	to	the	ClusterWe	just	saw	a	wide	variety	of	ways	to
write	and	apply	functions	to	data	in	Scala.	Allthe	code	that	we	executed	was	done	against	the	data	inside	the	head	array,	which	wascontained	on	our	client	machine.	Now	we’re	going	to	take	the	code	that	we	just	wroteand	apply	it	to	the	millions	of	linkage	records	contained	in	our	cluster	and	repre‐sented	by	the	rawblocks	RDD	in	Spark.Here’s	what



the	code	for	this	looks	like;	it	should	feel	eerily	familiar	to	you:	val	noheader	=	rawblocks.filter(x	=>	!isHeader(x))22	|	Chapter	2:	Introduction	to	Data	Analysis	with	Scala	and	SparkThe	syntax	we	used	to	express	the	filtering	computation	against	the	entire	data	set	onthe	cluster	is	exactly	the	same	as	the	syntax	we	used	to	express	the	filtering
computa‐tion	against	the	array	in	head	on	our	local	machine.	We	can	use	the	first	method	onthe	noheader	RDD	to	verify	that	the	filtering	rule	worked	correctly:	noheader.first	...	res:	String	=	37291,53113,0.833333333333333,?,1,?,1,1,1,1,0,TRUEThis	is	incredibly	powerful.	It	means	that	we	can	interactively	develop	and	debug	ourdata-munging	code
against	a	small	amount	of	data	that	we	sample	from	the	cluster,and	then	ship	that	code	to	the	cluster	to	apply	it	to	the	entire	data	set	when	we’reready	to	transform	the	entire	data	set.	Best	of	all,	we	never	have	to	leave	the	shell.There	really	isn’t	another	tool	that	gives	you	this	kind	of	experience.In	the	next	several	sections,	we’ll	use	this	mix	of	local
development	and	testing	andcluster	computation	to	perform	more	munging	and	analysis	of	the	record	linkagedata,	but	if	you	need	to	take	a	moment	to	drink	in	the	new	world	of	awesome	thatyou	have	just	entered,	we	certainly	understand.From	RDDs	to	Data	FramesIn	the	first	edition	of	this	book,	we	spent	the	next	several	pages	in	this	chapter
usingour	newfound	ability	to	mix	local	development	and	testing	with	cluster	computationsfrom	inside	the	REPL	to	write	code	that	parsed	the	CSV	file	of	record	linkage	data,including	splitting	the	line	up	by	commas,	converting	each	column	to	an	appropriatedata	type	(like	Int	or	Double),	and	handling	invalid	values	that	we	encountered.	Hav‐ing	the
option	to	work	with	data	in	this	way	is	one	of	the	most	compelling	aspects	ofworking	with	Spark,	especially	when	we’re	dealing	with	data	sets	that	have	an	espe‐cially	unusual	or	nonstandard	structure	that	make	them	difficult	to	work	with	anyother	way.At	the	same	time,	most	data	sets	we	encounter	have	a	reasonable	structure	in	place,either	because
they	were	born	that	way	(like	a	database	table)	or	because	someoneelse	has	done	the	work	of	cleaning	and	structuring	the	data	for	us.	For	these	data	sets,it	doesn’t	really	make	sense	for	us	to	have	to	write	our	own	code	to	parse	the	data;	weshould	simply	use	an	existing	library	that	can	leverage	the	structure	of	the	existingdata	set	to	parse	the	data
into	a	form	that	we	can	use	for	immediate	analysis.	Spark1.3	introduced	just	such	a	structure:	the	DataFrame.In	Spark,	the	DataFrame	is	an	abstraction	built	on	top	of	RDDs	for	data	sets	that	havea	regular	structure	in	which	each	record	is	a	row	made	up	of	a	set	of	columns,	andeach	column	has	a	well-defined	data	type.	You	can	think	of	a	data	frame
as	the	Sparkanalogue	of	a	table	in	a	relational	database.	Even	though	the	naming	conventionmight	make	you	think	of	a	data.frame	object	in	R	or	a	pandas.DataFrame	object	in	From	RDDs	to	Data	Frames	|	23Python,	Spark’s	DataFrames	are	a	different	beast.	This	is	because	they	represent	dis‐tributed	data	sets	on	a	cluster,	not	local	data	where	every
row	in	the	data	is	stored	onthe	same	machine.	Although	there	are	similarities	in	how	you	use	DataFrames	andthe	role	they	play	inside	the	Spark	ecosystem,	there	are	some	things	you	may	be	usedto	doing	when	working	with	data	frames	in	R	and	Python	that	do	not	apply	to	Spark,so	it’s	best	to	think	of	them	as	their	own	distinct	entity	and	try	to
approach	them	withan	open	mind.To	create	a	data	frame	for	our	record	linkage	data	set,	we’re	going	to	use	the	otherobject	that	was	created	for	us	when	we	started	the	Spark	REPL,	the	SparkSessionobject	named	spark:	spark	...	res:	org.apache.spark.sql.SparkSession	=	...SparkSession	is	a	replacement	for	the	now	deprecated	SQLContext	object	that
wasoriginally	introduced	in	Spark	1.3.	Like	SQLContext,	SparkSession	is	a	wrapperaround	the	SparkContext	object,	which	you	can	access	directly	from	the	SparkSession:	spark.sparkContext	...	res:	org.apache.spark.SparkContext	=	...You	should	see	that	the	value	of	spark.sparkContext	is	identical	to	the	value	of	thesc	variable	that	we	have	been	using
to	create	RDDs	thus	far.	To	create	a	data	framefrom	the	SparkSession,	we	will	use	the	csv	method	on	its	Reader	API:	val	prev	=	spark.read.csv("linkage")	...	prev:	org.apache.spark.sql.DataFrame	=	[_c0:	string,	_c1:	string,	...By	default,	every	column	in	a	CSV	file	is	treated	as	a	string	type,	and	the	columnnames	default	to	_c0,	_c1,	_c2,	….	We	can	look
at	the	head	of	a	data	frame	in	theshell	by	calling	its	show	method:	prev.show()We	can	see	that	the	first	row	of	the	DataFrame	is	the	name	of	the	header	columns,	aswe	expected,	and	that	the	CSV	file	has	been	cleanly	split	up	into	its	individual	col‐umns.	We	can	also	see	the	presence	of	the	?	strings	in	some	of	the	columns;	we	willneed	to	handle	these
as	missing	values.	In	addition	to	naming	each	column	correctly,it	would	be	ideal	if	Spark	could	properly	infer	the	data	type	of	each	of	the	columns	forus.Fortunately,	Spark’s	CSV	reader	provides	all	of	this	functionality	for	us	via	optionsthat	we	can	set	on	the	reader	API.	You	can	see	the	full	list	of	options	that	the	APItakes	at	the	spark-csv	project’s
GitHub	page,	which	was	developed	separately	for24	|	Chapter	2:	Introduction	to	Data	Analysis	with	Scala	and	SparkSpark	1.x	but	is	included	in	Spark	2.x.	For	now,	we’ll	read	and	parse	the	linkage	datalike	this:	val	parsed	=	spark.read.	option("header",	"true").	option("nullValue",	"?").	option("inferSchema",	"true").	csv("linkage")When	we	call	show	on
the	parsed	data,	we	see	that	the	column	names	are	set	correctlyand	the	?	strings	have	been	replaced	by	null	values.	To	see	the	inferred	type	for	eachcolumn,	we	can	print	the	schema	of	the	parsed	DataFrame	like	this:	parsed.printSchema()	...	root	|--	id_1:	integer	(nullable	=	true)	|--	id_2:	integer	(nullable	=	true)	|--	cmp_fname_c1:	double	(nullable	=
true)	|--	cmp_fname_c2:	double	(nullable	=	true)	...Each	StructField	instance	contains	the	name	of	the	column,	the	most	specific	datatype	that	could	handle	the	type	of	data	contained	in	each	record,	and	a	boolean	fieldthat	indicates	whether	or	not	the	column	may	contain	null	values,	which	is	true	bydefault.	In	order	to	perform	the	schema	inference,
Spark	must	do	two	passes	over	thedata	set:	one	pass	to	figure	out	the	type	of	each	column,	and	a	second	pass	to	do	theactual	parsing.	If	you	know	the	schema	that	you	want	to	use	for	a	file	ahead	of	time,you	can	create	an	instance	of	the	org.apache.spark.sql.types.StructType	classand	pass	it	to	the	Reader	API	via	the	schema	function,	which	can	have
a	significantperformance	benefit	when	the	data	set	is	very	large,	since	Spark	will	not	need	to	per‐form	an	extra	pass	over	the	data	to	figure	out	the	data	type	of	each	column.	Data	Formats	and	Data	Frames	Spark	2.0	ships	with	built-in	support	for	reading	and	writing	data	frames	in	a	variety	of	formats	via	the	DataFrameReader	and	DataFrameWriter
APIs.	In	addition	to	the	CSV	format	discussed	here,	you	can	also	read	and	write	structured	data	from	the	fol‐	lowing	sources:	json	Supports	many	of	the	same	schema-inference	functionality	that	the	CSV	format	does	parquet	and	orc	Competing	columnar-oriented	binary	file	formats	From	RDDs	to	Data	Frames	|	25jdbc	Connects	to	a	relational	database
via	the	JDBC	data	connection	standard	libsvm	Popular	text	file	format	for	representing	labeled	observations	with	sparse	features	text	Maps	each	line	of	a	file	to	a	data	frame	with	a	single	column	of	type	string	You	access	the	methods	of	the	DataFrameReader	API	by	calling	the	read	method	on	a	SparkSession	instance,	and	you	can	load	data	from	a	file
using	either	the	format	and	load	methods,	or	one	of	the	shortcut	methods	for	built-in	formats:	val	d1	=	spark.read.format("json").load("file.json")	val	d2	=	spark.read.json("file.json")	In	this	example,	d1	and	d2	reference	the	same	underlying	JSON	data	and	will	have	the	same	contents.	Each	of	the	different	file	formats	has	its	own	set	of	options	that	can
be	set	via	the	same	option	method	that	we	used	for	CSV	files.	To	write	data	out	again,	you	access	the	DataFrameWriter	API	via	the	write	method	on	any	DataFrame	instance.	The	DataFrameWriter	API	supports	the	same	built-in	formats	as	the	DataFrameReader	API,	so	the	following	two	methods	are	equivalent	ways	of	writing	the	contents	of	the	d1
DataFrame	as	a	Parquet	file:	d1.write.format("parquet").save("file.parquet")	d1.write.parquet("file.parquet")	By	default,	Spark	will	throw	an	error	if	you	try	to	save	a	data	frame	to	a	file	that	already	exists.	You	can	control	Spark’s	behavior	in	this	situation	via	the	SaveMode	enum	on	the	DataFrameWriter	API	to	either	Overwrite	the	existing	file,
Append	the	data	in	the	DataFrame	to	the	file	(if	it	exists),	or	Ignore	the	write	operation	if	the	file	already	exists	and	leave	it	in	place:	d2.write.mode(SaveMode.Ignore).parquet("file.parquet")	You	can	also	specify	the	SaveMode	as	a	string	literal	("overwrite",	"append",	"ignore")	in	Scala,	just	as	you	can	when	working	with	the	DataFrame	API	in	R	and
Python.Analyzing	Data	with	the	DataFrame	APIAlthough	the	RDD	API	in	Spark	provides	a	small	number	of	handy	methods	for	ana‐lyzing	data—like	the	count	method	to	count	the	number	of	records	an	RDD	con‐tained,	countByValue	to	get	a	histogram	of	the	distinct	values,	or	the	stats	methodto	get	summary	statistics	like	min,	max,	mean,	and
standard	deviation	for	an	RDD[Double]—the	DataFrame	API	comes	with	a	more	powerful	set	of	tools	that	will	likely	be26	|	Chapter	2:	Introduction	to	Data	Analysis	with	Scala	and	Sparkfamiliar	to	data	scientists	who	are	used	to	R,	Python,	and	SQL.	In	this	section,	we	willbegin	to	explore	these	tools	and	how	to	apply	them	to	the	record	linkage	data.If
we	look	at	the	schema	of	the	parsed	DataFrame	and	the	first	few	rows	of	data,	wesee	this:	•	The	first	two	fields	are	integer	IDs	that	represent	the	patients	that	were	matched	in	the	record.	•	The	next	nine	values	are	(possibly	missing)	numeric	values	(either	doubles	or	ints)	that	represent	match	scores	on	different	fields	of	the	patient	records,	such	as
their	names,	birthdays,	and	locations.	The	fields	are	stored	as	integers	when	the	only	possible	values	are	match	(1)	or	no-match	(0),	and	doubles	whenever	partial	matches	are	possible.	•	The	last	field	is	a	boolean	value	(true	or	false)	indicating	whether	or	not	the	pair	of	patient	records	represented	by	the	line	was	a	match.Our	goal	is	to	come	up	with	a
simple	classifier	that	allows	us	to	predict	whether	arecord	will	be	a	match	based	on	the	values	of	the	match	scores	for	the	patient	records.Let’s	start	by	getting	an	idea	of	the	number	of	records	we’re	dealing	with	via	the	countmethod,	which	works	in	exactly	the	same	way	for	DataFrames	and	RDDs:	parsed.count()	...	res:	Long	=	5749132This	is	a
relatively	small	data	set—certainly	small	enough	to	fit	in	memory	on	one	ofthe	nodes	in	a	cluster	or	even	on	your	local	machine	if	you	don’t	have	a	cluster	avail‐able.	Thus	far,	every	time	we’ve	processed	the	data	in	the	data	set,	Spark	has	re-opened	the	file,	reparsed	the	rows,	and	then	performed	the	action	requested,	likeshowing	the	first	few	rows	of
the	data	or	counting	the	number	of	records.	When	weask	another	question,	Spark	will	do	these	same	operations,	again	and	again,	even	if	wehave	filtered	the	data	down	to	a	small	number	of	records	or	are	working	with	anaggregated	version	of	the	original	data	set.This	isn’t	an	optimal	use	of	our	compute	resources.	After	the	data	has	been	parsedonce,
we’d	like	to	save	the	data	in	its	parsed	form	on	the	cluster	so	that	we	don’t	haveto	reparse	it	every	time	we	want	to	ask	a	new	question	of	the	data.	Spark	supports	thisuse	case	by	allowing	us	to	signal	that	a	given	RDD	or	DataFrame	should	be	cached	inmemory	after	it	is	generated	by	calling	the	cache	method	on	the	instance.	Let’s	dothat	now	for	the
parsed	DataFrame:	parsed.cache()	Analyzing	Data	with	the	DataFrame	API	|	27Caching	Although	the	contents	of	DataFrames	and	RDDs	are	transient	by	default,	Spark	pro‐	vides	a	mechanism	for	persisting	the	underlying	data:	cached.cache()	cached.count()	cached.take(10)	The	call	to	cache	indicates	that	the	contents	of	the	DataFrame	should	be
stored	in	memory	the	next	time	it’s	computed.	In	this	example,	the	call	to	count	computes	the	contents	initially,	and	the	take	action	returns	the	first	10	elements	of	the	DataFrame	as	a	local	Array[Row].	When	take	is	called,	it	accesses	the	cached	elements	of	cached	instead	of	recomputing	them	from	their	dependencies.	Spark	defines	a	few	different
mechanisms,	or	StorageLevel	values,	for	persisting	data.	cache()	is	shorthand	for	persist(StorageLevel.MEMORY),	which	stores	the	rows	as	unserialized	Java	objects.	When	Spark	estimates	that	a	partition	will	not	fit	in	memory,	it	simply	will	not	store	it,	and	it	will	be	recomputed	the	next	time	it’s	needed.	This	level	makes	the	most	sense	when	the
objects	will	be	referenced	fre‐	quently	and/or	require	low-latency	access,	because	it	avoids	any	serialization	over‐	head.	Its	drawback	is	that	it	takes	up	larger	amounts	of	memory	than	its	alternatives.	Also,	holding	on	to	many	small	objects	puts	pressure	on	Java’s	garbage	collection,	which	can	result	in	stalls	and	general	slowness.	Spark	also	exposes	a
MEMORY_SER	storage	level,	which	allocates	large	byte	buffers	in	memory	and	serializes	the	records	into	them.	When	we	use	the	right	format	(more	on	this	in	a	bit),	serialized	data	usually	takes	up	two	to	five	times	less	space	than	its	raw	equivalent.	Spark	can	use	disk	for	caching	data	as	well.	The	MEMORY_AND_DISK	and	MEM
ORY_AND_DISK_SER	are	similar	to	the	MEMORY	and	MEMORY_SER	storage	levels,	respec‐	tively.	For	the	latter	two,	if	a	partition	will	not	fit	in	memory,	it	is	simply	not	stored,	meaning	that	it	must	be	recomputed	from	its	dependencies	the	next	time	an	action	uses	it.	For	the	former,	Spark	spills	partitions	that	will	not	fit	in	memory	to	disk.	Although
both	DataFrames	and	RDDs	can	be	cached,	Spark	can	use	the	detailed	knowledge	of	the	data	stored	with	a	data	frame	available	via	the	DataFrame’s	schema	to	persist	the	data	far	more	efficiently	than	it	can	with	Java	objects	stored	inside	of	RDDs.	Deciding	when	to	cache	data	can	be	an	art.	The	decision	typically	involves	trade-offs	between	space	and
speed,	with	the	specter	of	garbage-collecting	looming	overhead	to	occasionally	confound	things	further.	In	general,	data	should	be	cached	when	it	is	likely	to	be	referenced	by	multiple	actions,	is	relatively	small	compared	to	the	amount	of	memory/disk	available	on	the	cluster,	and	is	expensive	to	regenerate.28	|	Chapter	2:	Introduction	to	Data
Analysis	with	Scala	and	SparkOnce	our	data	has	been	cached,	the	next	thing	we	want	to	know	is	the	relative	frac‐tion	of	records	that	were	matches	versus	those	that	were	nonmatches.	With	the	RDDAPI,	we	would	need	to	write	an	inlined	Scala	function	to	extract	the	value	of	theis_match	column	from	each	record	and	then	call	countByValue	on	the
resultingRDD[Boolean]	to	sum	up	the	frequency	of	each	record	and	return	it	to	the	client	as	aMap[Boolean,	Long].	In	fact,	we	can	still	do	this	calculation	against	the	RDD	thatunderlies	the	parsed	DataFrame:	parsed.rdd.	map(_.getAs[Boolean]("is_match")).	countByValue()	...	Map(true	->	20931,	false	->	5728201)The	RDD	that	a	data	frame	wraps	is
made	up	of	instances	of	theorg.apache.spark.sql.Row	class,	which	has	accessor	methods	for	getting	the	valuesinside	each	record	by	index	position	(counting	from	zero)	as	well	as	the	getAs[T]method,	which	allows	us	to	look	up	fields	of	a	given	type	by	their	name.Although	the	RDD-based	analysis	gets	us	the	result	we	want,	it	still	leaves	a	lot	to
bedesired	as	a	general-purpose	way	of	analyzing	data	in	Spark.	First,	using	the	countByValue	function	to	do	the	counts	is	only	the	right	thing	to	do	when	we	know	that	thereare	just	a	few	distinct	values	in	the	data	set.	If	there	are	lots	of	distinct	values,	it’s	moreefficient	to	use	an	RDD	function	that	won’t	return	the	results	to	the	client,	like
reduceByKey.	Second,	if	we	require	the	results	of	the	countByValue	aggregation	in	a	subse‐quent	computation,	we	need	to	use	the	parallelize	method	of	the	SparkContext	toship	the	data	back	from	the	client	to	the	cluster.	In	general,	we	prefer	to	have	a	singleway	of	aggregating	structured	data	that	would	work	for	any	size	data	set,	and	this	isexactly
what	the	DataFrame	API	provides:	parsed.	groupBy("is_match").	count().	orderBy($"count".desc)	show()	...	+--------+-------+	|is_match|	count|	+--------+-------+	|	false|5728201|	|	true|	20931|	+--------+-------+Instead	of	writing	a	function	to	extract	the	is_match	column,	we	simply	pass	itsname	to	the	groupBy	method	on	the	DataFrame,	call	the	count	method
to,	well,	countthe	number	of	records	inside	each	grouping,	sort	the	resulting	data	in	descendingorder	based	on	the	count	column,	and	then	cleanly	render	the	result	of	the	computa‐	Analyzing	Data	with	the	DataFrame	API	|	29tion	in	the	REPL	with	show.	Under	the	covers,	the	Spark	engine	determines	the	mostefficient	way	to	perform	the	aggregation
and	return	the	results,	without	us	having	toworry	about	the	details	of	which	RDD	APIs	to	use.	The	result	is	a	cleaner,	faster,	andmore	expressive	way	to	do	data	analysis	in	Spark.Note	that	there	are	two	ways	we	can	reference	the	names	of	the	columns	in	the	Data‐Frame:	either	as	literal	strings,	like	in	groupBy("is_match"),	or	as	Column	objects
byusing	the	special	$""	syntax	that	we	used	on	the	count	column.	Either	approachis	valid	in	most	cases,	but	we	needed	to	use	the	$	syntax	to	call	the	desc	method	onthe	count	column.	If	we	had	omitted	the	$	in	front	of	the	string,	Scala	would	havethrown	an	error	because	the	String	class	does	not	have	a	method	named	desc.	DataFrame	Aggregation
Functions	In	addition	to	count,	we	can	also	compute	more	complex	aggregations	like	sums,	mins,	maxes,	means,	and	standard	deviation	using	the	agg	method	of	the	DataFrame	API	in	conjunction	with	the	aggregation	functions	defined	in	the	org.apache.spark.sql.functions	package.	For	example,	to	find	the	mean	and	stan‐	dard	deviation	of	the
cmp_sex	field	in	the	overall	parsed	DataFrame,	we	could	type:	parsed.agg(avg($"cmp_sex"),	stddev($"cmp_sex")).show()	+-----------------+--------------------+	|	avg(cmp_sex)|stddev_samp(cmp_sex)|	+-----------------+--------------------+	|0.955001381078048|	0.2073011111689795|	+-----------------+--------------------+	Note	that	by	default,	Spark	computes	the	sample
standard	deviation;	there	is	also	a	stddev_pop	function	for	computing	the	population	standard	deviation.You	may	have	noticed	that	the	functions	on	the	DataFrame	API	are	similar	to	thecomponents	of	a	SQL	query.	This	isn’t	a	coincidence,	and	in	fact	we	have	the	optionof	treating	any	DataFrame	we	create	as	if	it	were	a	database	table	and	expressing
ourquestions	using	familiar	and	powerful	SQL	syntax.	First,	we	need	to	tell	the	SparkSQL	execution	engine	the	name	it	should	associate	with	the	parsed	DataFrame,	sincethe	name	of	the	variable	itself	(“parsed”)	isn’t	available	to	Spark:	parsed.createOrReplaceTempView("linkage")Because	the	parsed	DataFrame	is	only	available	during	the	length	of
this	Spark	REPLsession,	it	is	a	temporary	table.	Spark	SQL	may	also	be	used	to	query	persistent	tablesin	HDFS	if	we	configure	Spark	to	connect	to	an	Apache	Hive	metastore	that	tracksthe	schemas	and	locations	of	structured	data	sets.Once	our	temporary	table	is	registered	with	the	Spark	SQL	engine,	we	can	query	itlike	this:30	|	Chapter	2:
Introduction	to	Data	Analysis	with	Scala	and	Sparkspark.sql("""	SELECT	is_match,	COUNT(*)	cnt	FROM	linkage	GROUP	BY	is_match	ORDER	BY	cnt	DESC	""").show()	...	+--------+-------+	|is_match|	cnt|	+--------+-------+	|	false|5728201|	|	true|	20931|	+--------+-------+Like	Python,	Scala	allows	us	to	write	multiline	strings	via	the	convention	of	threedouble
quotes	in	a	row.	In	Spark	1.x,	the	Spark	SQL	compiler	was	primarily	aimed	atreplicating	the	nonstandard	syntax	of	HiveQL	in	order	to	support	users	who	weremigrating	to	Spark	from	Apache	Hive.	In	Spark	2.0,	you	have	the	option	of	runningSpark	using	either	an	ANSI	2003-compliant	version	of	Spark	SQL	(the	default)	or	inHiveQL	mode	by	calling
the	enableHiveSupport	method	when	you	create	a	SparkSession	instance	via	its	Builder	API.Should	you	use	Spark	SQL	or	the	DataFrame	API	to	do	your	analysis	in	Spark?	Thereare	pros	and	cons	to	each:	SQL	has	the	benefit	of	being	broadly	familiar	and	expres‐sive	for	simple	queries.	It	is	also	the	best	way	to	quickly	read	and	filter	data	stored
incommonly	used	columnar	file	formats	like	ORC	and	Parquet.	The	downside	of	SQLis	that	it	can	be	difficult	to	express	complex,	multistage	analyses	in	a	dynamic,	reada‐ble,	and	testable	way—all	areas	where	the	DataFrame	API	shines.	Throughout	therest	of	the	book,	we	use	both	Spark	SQL	and	the	DataFrame	API,	and	leave	it	as	anexercise	for	the
reader	to	examine	the	choices	we	made	and	translate	our	computa‐tions	from	one	interface	to	the	other.	Connecting	Spark	SQL	to	Hive	Spark	1.x	shipped	with	a	HiveContext	class	that	was	a	subclass	of	SQLContext	and	supported	Hive’s	unique	SQL	dialect	(HiveQL).	This	class	could	be	used	to	talk	to	a	Hive	metastore	by	copying	a	hive-site.xml	file
into	the	conf	directory	of	the	Spark	installation.	In	Spark	2.x,	the	HiveContext	is	deprecated,	but	you	can	still	connect	to	a	Hive	metastore	via	a	hive-site.xml	file,	and	you	can	also	use	HiveQL	in	queries	by	call‐	ing	the	enableHiveSupport	method	on	the	SparkSession	Builder	API:	val	sparkSession	=	SparkSession.builder.	master("local[4]")
.enableHiveSupport()	.getOrCreate()	In	Spark	2.x,	you	can	treat	any	table	in	the	Hive	metastore	as	a	data	frame,	execute	Spark	SQL	queries	against	tables	defined	in	the	metastore,	and	persist	the	output	of	Analyzing	Data	with	the	DataFrame	API	|	31those	queries	to	the	metastore	so	that	they	can	be	queried	by	other	tools,	includingHive	itself,
Apache	Impala,	or	Presto.Fast	Summary	Statistics	for	DataFramesAlthough	there	are	many	kinds	of	analyses	that	may	be	expressed	equally	well	in	SQLor	with	the	DataFrame	API,	there	are	certain	common	things	that	we	want	to	be	ableto	do	with	data	frames	that	can	be	tedious	to	express	in	SQL.	One	such	analysis	that	isespecially	helpful	is
computing	the	min,	max,	mean,	and	standard	deviation	of	all	thenon-null	values	in	the	numerical	columns	of	a	data	frame.	In	R,	this	function	isnamed	summary;	and	in	Spark,	this	function	has	the	same	name	that	it	does	in	Pandas,describe:	val	summary	=	parsed.describe()	...	summary.show()The	summary	DataFrame	has	one	column	for	each	variable
in	the	parsed	DataFrame,along	with	another	column	(also	named	summary)	that	indicates	which	metric—count,	mean,	stddev,	min,	or	max—is	present	in	the	rest	of	the	columns	in	the	row.	Wecan	use	the	select	method	to	choose	a	subset	of	the	columns	in	order	to	make	thesummary	statistics	easier	to	read	and	compare:summary.select("summary",
"cmp_fname_c1",	"cmp_fname_c2").show()+-------+------------------+------------------+|summary|	cmp_fname_c1|	cmp_fname_c2|+-------+------------------+------------------+|	count|	5748125|	103698||	mean|0.7129024704436274|0.9000176718903216||	stddev|0.3887583596162788|0.2713176105782331||	min|	0.0|	0.0||	max|	1.0|	1.0|+-------+------------------+------------------
+Note	the	difference	in	the	value	of	the	count	variable	between	cmp_fname_c1	andcmp_fname_c2.	While	almost	every	record	has	a	non-null	value	for	cmp_fname_c1,less	than	2%	of	the	records	have	a	non-null	value	for	cmp_fname_c2.	To	create	a	usefulclassifier,	we	need	to	rely	on	variables	that	are	almost	always	present	in	the	data—unless	their
missingness	indicates	something	meaningful	about	whether	the	recordmatches.Once	we	have	an	overall	feel	for	the	distribution	of	the	variables	in	our	data,	we	wantto	understand	how	the	values	of	those	variables	are	correlated	with	the	value	of	theis_match	column.	Therefore,	our	next	step	is	to	compute	those	same	summary	statis‐tics	for	just	the
subsets	of	the	parsed	DataFrame	that	correspond	to	matches	andnonmatches.	We	can	filter	DataFrames	using	either	SQL-style	where	syntax	or	with32	|	Chapter	2:	Introduction	to	Data	Analysis	with	Scala	and	SparkColumn	objects	using	the	DataFrame	API	and	then	use	describe	on	the	resultingDataFrames:	val	matches	=	parsed.where("is_match	=
true")	val	matchSummary	=	matches.describe()	val	misses	=	parsed.filter($"is_match"	===	false)	val	missSummary	=	misses.describe()The	logic	inside	the	string	we	pass	to	the	where	function	can	include	statements	thatwould	be	valid	inside	a	WHERE	clause	in	Spark	SQL.	The	filtering	condition	that	usesthe	DataFrame	API	is	a	bit	more	complex:	we
need	to	use	the	===	operator	on	the$"is_match"	column,	and	we	need	to	wrap	the	boolean	literal	false	with	the	litfunction	in	order	to	turn	it	into	another	column	object	that	is_match	can	be	com‐pared	with.	Note	that	the	where	function	is	an	alias	for	the	filter	function;	we	couldhave	reversed	the	where	and	filter	calls	in	the	above	snippet	and
everything	wouldhave	worked	the	same	way.We	can	now	start	to	compare	our	matchSummary	and	missSummary	DataFrames	to	seehow	the	distribution	of	the	variables	changes	depending	on	whether	the	record	is	amatch	or	a	miss.	Although	this	is	a	relatively	small	data	set,	doing	this	comparison	isstill	somewhat	tedious—what	we	really	want	is	to
transpose	the	matchSummary	andmissSummary	DataFrames	so	that	the	rows	and	columns	are	swapped,	which	wouldallow	us	to	join	the	transposed	DataFrames	together	by	variable	and	analyze	the	sum‐mary	statistics,	a	practice	that	most	data	scientists	know	as	“pivoting”	or	“reshaping”a	data	set.	In	the	next	section,	we’ll	show	you	how	to	perform
these	transforms	inSpark.Pivoting	and	Reshaping	DataFramesThe	first	thing	we	need	to	do	in	order	to	transpose	our	summary	statistics	is	to	con‐vert	the	matchSummary	and	missSummary	from	“wide”	form,	in	which	we	have	rows	ofmetrics	and	columns	of	variables,	into	“long”	form,	where	each	row	has	one	metric,one	variable,	and	the	value	of	that
metric/variable	pair.	Once	that	is	done,	we	willcomplete	our	transpose	operation	by	transforming	the	long-form	DataFrame	intoanother	wide-form	DataFrame,	only	this	time	the	variables	will	correspond	to	therows	and	the	metrics	will	be	in	the	columns.To	convert	from	a	wide	form	to	a	long	form,	we’ll	take	advantage	of	the	DataFrame’sflatMap
function,	which	is	a	wrapper	around	RDD.flatMap.	A	flatMap	is	one	of	themost	useful	transforms	in	Spark:	it	takes	a	function	argument	that	processes	eachinput	record	and	returns	a	sequence	of	zero	or	more	output	records.	You	can	think	offlatMap	as	a	generalization	of	the	map	and	filter	transforms	that	we	have	used	sofar:	a	map	is	a	specialization
of	flatMap	for	the	case	where	each	input	record	hasexactly	one	output	record,	and	a	filter	is	a	specialization	of	flatMap	where	the	Pivoting	and	Reshaping	DataFrames	|	33input	and	output	types	are	the	same	and	either	zero	or	one	records	are	returnedbased	on	a	boolean	condition	function.For	our	flatMap	function	to	work	for	general	data	frames,	we
need	to	use	the	schemaobject	of	the	DataFrame	returned	by	a	call	to	describe	to	get	the	names	of	the	col‐umns:	summary.printSchema()	...	root	|--	summary:	string	(nullable	=	true)	|--	id_1:	string	(nullable	=	true)	|--	id_2:	string	(nullable	=	true)	|--	cmp_fname_c1:	string	(nullable	=	true)	...In	the	summary	schema,	every	field	is	treated	as	a	string.	Since
we	want	to	analyze	thesummary	statistics	as	numbers,	we’ll	need	to	convert	the	values	from	strings	to	dou‐bles	as	we	process	them.	Our	output	should	be	a	data	frame	that	has	three	columns:the	name	of	the	metric	(count,	mean,	etc.),	the	name	of	the	column	(id1,	cmp_by,etc.),	and	the	Double	value	of	the	summary	statistic	for	that	column:	val	schema
=	summary.schema	val	longForm	=	summary.flatMap(row	=>	{	val	metric	=	row.getString(0)	(1	until	row.size).map(i	=>	{	(metric,	schema(i).name,	row.getString(i).toDouble)	})	})There	is	a	lot	going	on	in	this	snippet,	so	let’s	take	each	line	one	by	one.	For	each	rowin	the	summary	DataFrame,	we	are	getting	the	name	of	the	metric	for	that	row	posi‐
tionally,	by	calling	row.getString(0).	For	the	other	columns	in	the	row,	from	posi‐tion	1	until	the	end,	we	are	generating	a	sequence	of	tuples	as	the	result	of	theflatMap	operation,	where	the	first	entry	in	the	tuple	is	the	name	of	the	metric,	thesecond	entry	is	the	name	of	the	column	(which	we	access	via	the	schema(i).nameobject),	and	the	third	entry	is
the	value	of	the	statistic,	which	we	have	coerced	to	aDouble	value	from	its	original	string	by	calling	the	toDouble	method	on	row.getString(i).The	toDouble	method	is	an	example	of	one	of	Scala’s	most	powerful	(and	arguablydangerous)	features:	implicit	types.	In	Scala,	an	instance	of	the	String	class	is	just	ajava.lang.String,	and	the	java.lang.String
class	does	not	have	a	method	namedtoDouble.	Instead,	the	methods	are	defined	in	a	Scala	class	called	StringOps.	Implic‐its	work	like	this:	if	you	call	a	method	on	a	Scala	object,	and	the	Scala	compiler	doesnot	see	a	definition	for	that	method	in	the	class	definition	for	that	object,	the	com‐piler	will	try	to	convert	your	object	to	an	instance	of	a	class	that
does	have	thatmethod	defined.	In	this	case,	the	compiler	will	see	that	Java’s	String	class	does	not34	|	Chapter	2:	Introduction	to	Data	Analysis	with	Scala	and	Sparkhave	a	toDouble	method	defined	but	that	the	StringOps	class	does,	and	that	theStringOps	class	has	a	method	that	can	convert	an	instance	of	the	String	class	into	aninstance	of	the
StringOps	class.	The	compiler	silently	performs	the	conversion	of	ourString	object	into	a	StringOps	object,	and	then	calls	the	toDouble	method	on	thenew	object.Developers	who	write	libraries	in	Scala	(including	the	core	Spark	developers)	reallylike	implicit	type	conversion;	it	allows	them	to	enhance	the	functionality	of	coreclasses	like	String	that	are
otherwise	closed	to	modification.	For	a	user	of	these	tools,implicit	type	conversions	are	more	of	a	mixed	bag,	because	they	can	make	it	difficultto	figure	out	exactly	where	a	particular	class	method	is	defined.	Nonetheless,	we’regoing	to	encounter	implicit	conversions	throughout	our	examples,	so	it’s	best	that	weget	used	to	them	now.The	last	thing	to
note	about	this	snippet	is	the	type	of	the	longForm	variable:	longForm:	org.apache.spark.sql.Dataset[(String,	String,	Double)]This	is	our	first	direct	encounter	with	the	Dataset[T]	interface,	although	we	havebeen	using	it	all	along—a	data	frame	is	simply	an	alias	for	the	Dataset[Row]	type!Dataset[T]	is	a	new	addition	to	the	Spark	2.0	APIs	and
generalizes	the	DataFrametype	that	was	introduced	in	Spark	1.3	to	be	able	to	handle	a	richer	set	of	data	typesthan	just	instances	of	the	Row	class.	We’ll	look	at	the	Dataset	interface	a	bit	moreclosely	later	in	the	chapter,	but	for	now,	all	you	need	to	know	is	that	we	can	alwaysconvert	a	Dataset	back	to	a	data	frame	thanks	to	some	implicit	conversion
magic	inthe	Spark	API:val	longDF	=	longForm.toDF("metric",	"field",	"value")longDF.show()+------+------------+-------------------+|metric|	field|	value|+------+------------+-------------------+|	count|	id_1|	5749132.0||	count|	id_2|	5749132.0||	count|cmp_fname_c1|	5748125.0|...|	count|	cmp_by|	5748337.0||	count|	cmp_plz|	5736289.0||	mean|	id_1|
33324.48559643438||	mean|	id_2|	66587.43558331935||	mean|cmp_fname_c1|	0.7129024704436274|...|	mean|	cmp_bd|0.22446526708507172||	mean|	cmp_bm|0.48885529849763504|+------+------------+-------------------+Given	a	data	frame	in	long	form,	we	can	transform	it	to	a	wide	form	by	using	thegroupBy	operator	on	the	column	that	we	want	to	use	as
the	pivot	table’s	row	followed	Pivoting	and	Reshaping	DataFrames	|	35by	the	pivot	operator	on	the	column	that	we	want	to	use	as	the	pivot	table’s	column.The	pivot	operator	needs	to	know	the	distinct	set	of	values	of	the	pivot	column	thatwe	want	to	use	for	the	columns,	and	we	can	specify	the	value	in	each	cell	of	the	widetable	by	using	an	agg(first)
operation	on	the	values	column,	which	works	cor‐rectly	because	there	is	only	a	single	value	for	each	combination	of	field	and	metric:val	wideDF	=	longDF.groupBy("field").pivot("metric",	Seq("count",	"mean",	"stddev",	"min",	"max")).agg(first("value"))wideDF.select("field",	"count",	"mean").show()...+------------+---------+-------------------+|	field|	count|
mean|+------------+---------+-------------------+|	cmp_plz|5736289.0|0.00552866147434343||cmp_lname_c1|5749132.0|	0.3156278193084133||cmp_lname_c2|	2464.0|0.31841283153174377||	cmp_sex|5749132.0|	0.955001381078048||	cmp_bm|5748337.0|0.48885529849763504|...|	cmp_bd|5748337.0|0.22446526708507172||	cmp_by|5748337.0|
0.2227485966810923|+------------+---------+-------------------+Now	that	we	have	figured	out	how	to	transpose	a	summary	DataFrame,	let’s	imple‐ment	our	logic	into	a	function	that	we	can	reuse	on	the	matchSummary	and	missSummary	DataFrames.	Using	a	text	editor	in	another	shell	window,	copy	and	paste	thefollowing	code	and	save	it	in	a	file	called
Pivot.scala:import	org.apache.spark.sql.DataFrameimport	org.apache.spark.sql.functions.firstdef	pivotSummary(desc:	DataFrame):	DataFrame	=	{	val	schema	=	desc.schema	import	desc.sparkSession.implicits._val	lf	=	desc.flatMap(row	=>	{	val	metric	=	row.getString(0)	(1	until	row.size).map(i	=>	{	(metric,	schema(i).name,
row.getString(i).toDouble)	})}).toDF("metric",	"field",	"value")	lf.groupBy("field").	pivot("metric",	Seq("count",	"mean",	"stddev",	"min",	"max")).	agg(first("value"))}36	|	Chapter	2:	Introduction	to	Data	Analysis	with	Scala	and	Spark	www.allitebooks.com	Page	2	Now	in	your	Spark	shell,	type	:load	Pivot.scala,	and	the	Scala	REPL	will	compileyour	code
on	the	fly	and	make	the	pivotSummary	function	available	for	use	on	thematchSummary	and	missSummary	DataFrames:val	matchSummaryT	=	pivotSummary(matchSummary)val	missSummaryT	=	pivotSummary(missSummary)Joining	DataFrames	and	Selecting	FeaturesSo	far,	we	have	only	used	Spark	SQL	and	the	DataFrame	API	to	filter	and
aggregatethe	records	from	a	data	set,	but	we	can	also	use	these	tools	in	order	to	perform	joins(inner,	left	outer,	right	outer,	or	full	outer)	on	DataFrames	as	well.	Although	the	Data‐Frame	API	includes	a	join	function,	it’s	often	easier	to	express	these	joins	usingSpark	SQL,	especially	when	the	tables	we	are	joining	have	a	large	number	of	columnnames
in	common	and	we	want	to	be	able	to	clearly	indicate	which	column	we	arereferring	to	in	our	select	expressions.	Let’s	create	temporary	views	for	the	matchSummaryT	and	missSummaryT	DataFrames,	join	them	on	the	field	column,	and	computesome	simple	summary	statistics	on	the	resulting
rows:matchSummaryT.createOrReplaceTempView("match_desc")missSummaryT.createOrReplaceTempView("miss_desc")spark.sql("""SELECT	a.field,	a.count	+	b.count	total,	a.mean	-	b.mean	deltaFROM	match_desc	a	INNER	JOIN	miss_desc	b	ON	a.field	=	b.fieldWHERE	a.field	NOT	IN	("id_1",	"id_2")ORDER	BY	delta	DESC,	total	DESC""").show()...+-
-----------+---------+--------------------+|	field|	total|	delta|+------------+---------+--------------------+|	cmp_plz|5736289.0|	0.9563812499852176||cmp_lname_c2|	2464.0|	0.8064147192926264||	cmp_by|5748337.0|	0.7762059675300512||	cmp_bd|5748337.0|	0.775442311783404||cmp_lname_c1|5749132.0|	0.6838772482590526||	cmp_bm|5748337.0|
0.5109496938298685||cmp_fname_c1|5748125.0|	0.2854529057460786||cmp_fname_c2|	103698.0|	0.09104268062280008||	cmp_sex|5749132.0|0.032408185250332844|+------------+---------+--------------------+A	good	feature	has	two	properties:	it	tends	to	have	significantly	different	values	formatches	and	nonmatches	(so	the	difference	between	the	means
will	be	large)	and	itoccurs	often	enough	in	the	data	that	we	can	rely	on	it	to	be	regularly	available	for	anypair	of	records.	By	this	measure,	cmp_fname_c2	isn’t	very	useful	because	it’s	missing	alot	of	the	time	and	the	difference	in	the	mean	value	for	matches	and	nonmatches	isrelatively	small—0.09,	for	a	score	that	ranges	from	0	to	1.	The	cmp_sex
feature	also	Joining	DataFrames	and	Selecting	Features	|	37isn’t	particularly	helpful	because	even	though	it’s	available	for	any	pair	of	records,	thedifference	in	means	is	just	0.03.Features	cmp_plz	and	cmp_by,	on	the	other	hand,	are	excellent.	They	almost	alwaysoccur	for	any	pair	of	records,	and	there	is	a	very	large	difference	in	the	mean
values(more	than	0.77	for	both	features.)	Features	cmp_bd,	cmp_lname_c1,	and	cmp_bm	alsoseem	beneficial:	they	are	generally	available	in	the	data	set	and	the	difference,	in	meanvalues	for	matches	and	nonmatches	are	substantial.Features	cmp_fname_c1	and	cmp_lname_c2	are	more	of	a	mixed	bag:	cmp_fname_c1doesn’t	discriminate	all	that	well
(the	difference	in	the	means	is	only	0.28)	eventhough	it’s	usually	available	for	a	pair	of	records,	whereas	cmp_lname_c2	has	a	largedifference	in	the	means	but	it’s	almost	always	missing.	It’s	not	quite	obvious	underwhat	circumstances	we	should	include	these	features	in	our	model	based	on	this	data.For	now,	we’re	going	to	use	a	simple	scoring	model
that	ranks	the	similarity	of	pairsof	records	based	on	the	sums	of	the	values	of	the	obviously	good	features:	cmp_plz,cmp_by,	cmp_bd,	cmp_lname_c1,	and	cmp_bm.	For	the	few	records	where	the	values	ofthese	features	are	missing,	we’ll	use	0	in	place	of	the	null	value	in	our	sum.	We	canget	a	rough	feel	for	the	performance	of	our	simple	model	by
creating	a	data	frame	ofthe	computed	scores	and	the	value	of	the	is_match	column	and	evaluating	how	wellthe	score	discriminates	between	matches	and	nonmatches	at	various	thresholds.Preparing	Models	for	Production	EnvironmentsAlthough	we	could	write	this	scoring	function	as	a	Spark	SQL	query,	there	are	manysituations	in	which	we	want	to
be	able	to	deploy	a	scoring	rule	or	machine	learningmodel	into	a	production	environment,	and	where	we	may	not	have	enough	time	torun	a	Spark	SQL	to	generate	an	answer	to	our	question.	For	these	situations,	we	wantto	be	able	to	write	and	test	functions	that	are	able	to	work	with	Spark	but	that	do	notrequire	any	production	code	to	depend	on	the
Spark	JARs	or	require	that	a	SparkSes‐sion	be	run	in	order	to	excecute	the	code.To	abstract	away	the	Spark-specific	components	of	our	model,	we	would	like	to	havea	way	of	creating	a	simple	record	type	that	allows	us	to	work	with	the	fields	in	theDataFrame	as	statically	typed	variables	instead	of	as	fields	that	we	look	up	dynami‐cally	inside	a	Row.
Fortunately,	Scala	provides	a	convenient	syntax	for	creating	theserecords,	called	case	classes.	A	case	class	is	a	simple	type	of	immutable	class	that	comeswith	implementations	of	all	of	the	basic	Java	class	methods,	like	toString,	equals,and	hashCode,	which	makes	them	very	easy	to	use.	Let’s	declare	a	case	class	for	ourrecord	linkage	data,	where	the
names	and	types	of	the	fields	map	exactly	to	the	namesand	types	of	the	columns	in	the	parsed	DataFrame:38	|	Chapter	2:	Introduction	to	Data	Analysis	with	Scala	and	Sparkcase	class	MatchData(	id_1:	Int,	id_2:	Int,	cmp_fname_c1:	Option[Double],	cmp_fname_c2:	Option[Double],	cmp_lname_c1:	Option[Double],	cmp_lname_c2:	Option[Double],
cmp_sex:	Option[Int],	cmp_bd:	Option[Int],	cmp_bm:	Option[Int],	cmp_by:	Option[Int],	cmp_plz:	Option[Int],	is_match:	Boolean	)Note	that	we	are	using	Scala’s	built-in	Option[T]	type	to	represent	fields	whose	valuesmay	be	null	in	our	input	data.	The	Option	class	requires	that	client	code	check	to	seewhether	a	particular	field	is	absent	(represented	by
the	None	object)	before	it	is	used,which	significantly	reduces	the	occurrence	of	NullPointerExceptions	in	Scala	code.For	fields	that	can	never	be	null,	like	id_1,	id_2,	and	is_match,	we	can	omit	theOption	wrapper.Once	our	class	is	defined,	we	can	use	the	as[T]	method	to	convert	the	parsed	Data‐Frame	into	a	Dataset[MatchData]:	val	matchData	=
parsed.as[MatchData]	matchData.show()As	you	can	see,	all	of	the	columns	and	values	of	the	matchData	data	set	are	the	sameas	the	data	in	the	parsed	DataFrame,	and	we	can	still	use	all	of	the	SQL-style	Data‐Frame	API	methods	and	Spark	SQL	code	against	the	matchData	data	set.	The	majordifference	between	the	two	is	that	when	we	call	functions
like	map,	flatMap,	or	filter	against	matchData,	we	are	processing	instances	of	the	MatchData	case	classinstead	of	the	Row	class.For	our	scoring	function,	we	are	going	to	sum	up	the	value	of	one	field	of	typeOption[Double]	(cmp_lname_c1)	and	four	fields	of	type	Option[Int]	(cmp_plz,cmp_by,	cmp_bd,	and	cmp_bm).	Let’s	write	a	small	helper	case	class
to	cut	down	onsome	of	the	boilerplate	code	associated	with	checking	for	the	presence	of	the	Optionvalues:	case	class	Score(value:	Double)	{	def	+(oi:	Option[Int])	=	{	Score(value	+	oi.getOrElse(0))	}	}The	Score	case	class	starts	with	a	value	of	type	Double	(the	running	sum)	and	definesa	\+	method	that	allows	us	to	merge	an	Option[Int]	value	into	the
running	sum	by	Preparing	Models	for	Production	Environments	|	39getting	the	value	of	the	Option	or	returning	0	if	it	is	missing.	Here,	we’re	takingadvantage	of	the	fact	that	Scala	lets	you	define	functions	using	a	much	broader	set	ofnames	than	Java	to	make	our	scoring	function	a	bit	eaiser	to	read:	def	scoreMatchData(md:	MatchData):	Double	=	{
(Score(md.cmp_lname_c1.getOrElse(0.0))	+	md.cmp_plz	+	md.cmp_by	+	md.cmp_bd	+	md.cmp_bm).value	}With	our	scoring	function	in	hand,	we	can	now	compute	our	scores	and	the	value	ofthe	is_match	field	for	each	MatchData	object	in	the	matchData	data	set	and	store	theresults	in	a	data	frame:	val	scored	=	matchData.map	{	md	=>
(scoreMatchData(md),	md.is_match)	}.toDF("score",	"is_match")Model	EvaluationThe	final	step	in	creating	our	scoring	function	is	to	decide	on	what	threshold	thescore	must	exceed	in	order	for	us	to	predict	that	the	two	records	represent	a	match.	Ifwe	set	the	threshold	too	high,	then	we	will	incorrectly	mark	a	matching	record	as	amiss	(called	the
false-negative	rate),	whereas	if	we	set	the	threshold	too	low,	we	willincorrectly	label	misses	as	matches	(the	false-positive	rate.)	For	any	nontrivial	prob‐lem,	we	always	have	to	trade	some	false	positives	for	some	false	negatives,	and	thequestion	of	what	the	threshold	value	should	be	usually	comes	down	to	the	relativecost	of	the	two	kinds	of	errors	in
the	situation	to	which	the	model	is	being	applied.To	help	us	choose	a	threshold,	it’s	helpful	to	create	a	2×2	contingency	table	(which	issometimes	called	a	cross	tabulation,	or	crosstab)	that	counts	the	number	of	recordswhose	scores	fall	above/below	the	threshold	value	crossed	with	the	number	of	recordsin	each	of	those	categories	that	were/were	not
matches.	Since	we	don’t	know	whatthreshold	value	we’re	going	to	use	yet,	let’s	write	a	function	that	takes	the	scoredDataFrame	and	the	choice	of	threshold	as	parameters	and	computes	the	crosstabsusing	the	DataFrame	API:	def	crossTabs(scored:	DataFrame,	t:	Double):	DataFrame	=	{	scored.	selectExpr(s"score	>=	$t	as	above",	"is_match").
groupBy("above").	pivot("is_match",	Seq("true",	"false")).	count()	}Note	that	we	are	including	the	selectExpr	method	of	the	DataFrame	API	to	dynami‐cally	determine	the	value	of	the	field	named	above	based	on	the	value	of	the	t	argu‐ment	using	Scala’s	string	interpolation	syntax,	which	allows	us	to	substitute	variablesby	name	if	we	preface	the	string
literal	with	the	letter	s	(yet	another	handy	bit	of	Scala40	|	Chapter	2:	Introduction	to	Data	Analysis	with	Scala	and	Sparkimplicit	magic).	Once	the	above	field	is	defined,	we	create	the	crosstab	with	a	stan‐dard	combination	of	the	groupBy,	pivot,	and	count	methods	that	we	used	before.Applying	a	high	threshold	value	of	4.0,	meaning	that	the	average	of
the	five	features	is0.8,	we	can	filter	out	almost	all	of	the	nonmatches	while	keeping	over	90%	of	thematches:	crossTabs(scored,	4.0).show()	...	+-----+-----+-------+	|above|	true|	false|	+-----+-----+-------+	|	true|20871|	637|	|false|	60|5727564|	+-----+-----+-------+Applying	the	lower	threshold	of	2.0,	we	can	ensure	that	we	capture	all	of	the	knownmatching
records,	but	at	a	substantial	cost	in	terms	of	false	positive	(top-right	cell):	crossTabs(scored,	2.0).show()	...	+-----+-----+-------+	|above|	true|	false|	+-----+-----+-------+	|	true|20931|	596414|	|false|	null|5131787|	+-----+-----+-------+Even	though	the	number	of	false	positives	is	higher	than	we	want,	this	more	generousfilter	still	removes	90%	of	the
nonmatching	records	from	our	consideration	whileincluding	every	positive	match.	Even	though	this	is	pretty	good,	it’s	possible	to	doeven	better;	see	if	you	can	find	a	way	to	use	some	of	the	other	values	from	MatchData(both	missing	and	not)	to	come	up	with	a	scoring	function	that	successfully	identifiesevery	true	match	at	the	cost	of	less	than	100
false	positives.Where	to	Go	from	HereIf	this	chapter	was	your	first	time	carrying	out	data	preparation	and	analysis	withScala	and	Spark,	or	if	you’re	familiar	with	the	Spark	1.0	APIs	and	are	getting	up	tospeed	with	the	new	techniques	in	Spark	2.0,	we	hope	that	you	got	a	feel	for	what	apowerful	foundation	these	tools	provide.	If	you	have	been	using
Scala	and	Spark	for	awhile,	we	hope	that	you	will	pass	this	chapter	along	to	your	friends	and	colleagues	asa	way	of	introducing	them	to	that	power	as	well.Our	goal	for	this	chapter	was	to	provide	you	with	enough	Scala	knowledge	to	be	ableto	understand	and	complete	the	rest	of	the	examples	in	this	book.	If	you	are	the	kindof	person	who	learns	best
through	practical	examples,	your	next	step	is	to	continue	Where	to	Go	from	Here	|	41on	to	the	next	set	of	chapters,	where	we	will	introduce	you	to	MLlib,	the	machinelearning	library	designed	for	Spark.As	you	become	a	seasoned	user	of	Spark	and	Scala	for	data	analysis,	it’s	likely	that	youwill	reach	a	point	where	you	begin	to	build	tools	and	libraries
designed	to	help	otheranalysts	and	data	scientists	apply	Spark	to	solve	their	own	problems.	At	that	point	inyour	development,	it	would	be	helpful	to	pick	up	additional	books	on	Scala,	like	Pro‐gramming	Scala	by	Dean	Wampler	and	Alex	Payne,	and	The	Scala	Cookbook	by	AlvinAlexander	(both	from	O’Reilly).42	|	Chapter	2:	Introduction	to	Data	Analysis
with	Scala	and	SparkCHAPTER	3	Recommending	Music	and	the	Audioscrobbler	Data	Set	Sean	Owen	De	gustibus	non	est	disputandum.	(There’s	no	accounting	for	taste.)	—AnonymousWhen	somebody	asks	what	it	is	I	do	for	a	living,	the	direct	answer	of	“data	science”	or“machine	learning”	sounds	impressive	but	usually	draws	a	blank	stare.	Fair
enough;even	actual	data	scientists	seem	to	struggle	to	define	what	these	mean—storing	lots	ofdata,	computing,	predicting	something?	Inevitably,	I	jump	straight	to	a	relatableexample:	“OK,	you	know	how	Amazon	will	tell	you	about	books	like	the	ones	youbought?	Yes?	Yes!	It’s	like	that.”Empirically,	the	recommender	engine	seems	to	be	an	example	of
large-scale	machinelearning	that	everyone	understands,	and	most	people	have	seen	Amazon’s.	It	is	acommon	denominator	because	recommender	engines	are	everywhere,	from	socialnetworks	to	video	sites	to	online	retailers.	We	can	also	directly	observe	them	inaction.	We’re	aware	that	a	computer	is	picking	tracks	to	play	on	Spotify,	in	much	thesame
way	we	don’t	necessarily	notice	that	Gmail	is	deciding	whether	inbound	email	isspam.The	output	of	a	recommender	is	more	intuitively	understandable	than	other	machinelearning	algorithms.	It’s	exciting,	even.	For	as	much	as	we	think	that	musical	taste	ispersonal	and	inexplicable,	recommenders	do	a	surprisingly	good	job	of	identifyingtracks	we
didn’t	know	we	would	like.Finally,	for	domains	like	music	or	movies	where	recommenders	are	usually	deployed,it’s	comparatively	easy	to	reason	about	why	a	recommended	piece	of	music	fits	with	43someone’s	listening	history.	Not	all	clustering	or	classification	algorithms	match	thatdescription.	For	example,	a	support	vector	machine	classifier	is	a
set	of	coefficients,and	it’s	hard	even	for	practitioners	to	articulate	what	the	numbers	mean	when	theymake	predictions.So,	it	seems	fitting	to	kick	off	the	next	three	chapters,	which	will	explore	key	machinelearning	algorithms	on	Spark,	with	a	chapter	built	around	recommender	engines,	andrecommending	music	in	particular.	It’s	an	accessible	way	to
introduce	real-world	useof	Spark	and	MLlib,	and	some	basic	machine	learning	ideas	that	will	be	developed	insubsequent	chapters.Data	SetThis	example	will	use	a	data	set	published	by	Audioscrobbler.	Audioscrobbler	was	thefirst	music	recommendation	system	for	last.fm,	one	of	the	first	internet	streamingradio	sites,	founded	in	2002.	Audioscrobbler
provided	an	open	API	for	“scrobbling,”or	recording	listeners’	song	plays.	last.fm	used	this	information	to	build	a	powerfulmusic	recommender	engine.	The	system	reached	millions	of	users	because	third-party	apps	and	sites	could	provide	listening	data	back	to	the	recommender	engine.At	that	time,	research	on	recommender	engines	was	mostly
confined	to	learningfrom	rating-like	data.	That	is,	recommenders	were	usually	viewed	as	tools	that	oper‐ated	on	input	like	“Bob	rates	Prince	3.5	stars.”The	Audioscrobbler	data	set	is	interesting	because	it	merely	records	plays:	“Bobplayed	a	Prince	track.”	A	play	carries	less	information	than	a	rating.	Just	because	Bobplayed	the	track	doesn’t	mean	he
actually	liked	it.	You	or	I	may	occasionally	play	asong	by	an	artist	we	don’t	care	for,	or	even	play	an	album	and	walk	out	of	the	room.However,	listeners	rate	music	far	less	frequently	than	they	play	music.	A	data	set	likethis	is	therefore	much	larger,	covers	more	users	and	artists,	and	contains	more	totalinformation	than	a	rating	data	set,	even	if	each
individual	data	point	carries	lessinformation.	This	type	of	data	is	often	called	implicit	feedback	data	because	the	user-artist	connections	are	implied	as	a	side	effect	of	other	actions,	and	not	given	asexplicit	ratings	or	thumbs-up.A	snapshot	of	a	data	set	distributed	by	last.fm	in	2005	can	be	found	online	as	a	com‐pressed	archive.	Download	the	archive,
and	find	within	it	several	files.	The	main	dataset	is	in	the	user_artist_data.txt	file.	It	contains	about	141,000	unique	users,	and	1.6million	unique	artists.	About	24.2	million	users’	plays	of	artists	are	recorded,	alongwith	their	counts.The	data	set	also	gives	the	names	of	each	artist	by	ID	in	the	artist_data.txt	file.	Notethat	when	plays	are	scrobbled,	the
client	application	submits	the	name	of	the	artistbeing	played.	This	name	could	be	misspelled	or	nonstandard,	and	this	may	only	be44	|	Chapter	3:	Recommending	Music	and	the	Audioscrobbler	Data	Setdetected	later.	For	example,	“The	Smiths,”	“Smiths,	The,”	and	“the	smiths”	may	appearas	distinct	artist	IDs	in	the	data	set	even	though	they	are
plainly	the	same.	So,	the	dataset	also	includes	artist_alias.txt,	which	maps	artist	IDs	that	are	known	misspellings	orvariants	to	the	canonical	ID	of	that	artist.The	Alternating	Least	Squares	Recommender	AlgorithmWe	need	to	choose	a	recommender	algorithm	that	is	suitable	for	this	implicit	feed‐back	data.	The	data	set	consists	entirely	of	interactions
between	users	and	artists’songs.	It	contains	no	information	about	the	users,	or	about	the	artists	other	than	theirnames.	We	need	an	algorithm	that	learns	without	access	to	user	or	artist	attributes.These	are	typically	called	collaborative	filtering	algorithms.	For	example,	decidingthat	two	users	might	share	similar	tastes	because	they	are	the	same	age
is	not	anexample	of	collaborative	filtering.	Deciding	that	two	users	might	both	like	the	samesong	because	they	play	many	other	same	songs	is	an	example.This	data	set	looks	large	because	it	contains	tens	of	millions	of	play	counts.	But	in	adifferent	sense,	it	is	small	and	skimpy,	because	it	is	sparse.	On	average,	each	user	hasplayed	songs	from	about
171	artists—out	of	1.6	million.	Some	users	have	listened	toonly	one	artist.	We	need	an	algorithm	that	can	provide	decent	recommendations	toeven	these	users.	After	all,	every	single	listener	must	have	started	with	just	one	play	atsome	point!Finally,	we	need	an	algorithm	that	scales,	both	in	its	ability	to	build	large	models	andto	create
recommendations	quickly.	Recommendations	are	typically	required	in	nearreal	time—within	a	second,	not	tomorrow.This	example	will	employ	a	member	of	a	broad	class	of	algorithms	called	latent-factormodels.	They	try	to	explain	observed	interactions	between	large	numbers	of	users	anditems	through	a	relatively	small	number	of	unobserved,
underlying	reasons.	It	is	analo‐gous	to	explaining	why	millions	of	people	buy	a	particular	few	of	thousands	of	possi‐ble	albums	by	describing	users	and	albums	in	terms	of	tastes	for	perhaps	tens	ofgenres—tastes	that	are	not	directly	observable	or	given	as	data.For	example,	consider	a	customer	who	has	bought	albums	by	metal	bands	Megadethand
Pantera,	but	also	classical	composer	Mozart.	It	may	be	difficult	to	explain	whyexactly	these	albums	were	bought	and	nothing	else.	However,	it’s	probably	a	smallwindow	on	a	much	larger	set	of	tastes.	Maybe	the	customer	likes	a	coherent	spectrumof	music	from	metal	to	progressive	rock	to	classical.	That	explanation	is	simpler,	andas	a	bonus,
suggests	many	other	albums	that	would	be	of	interest.	In	this	example,“liking	metal,	progressive	rock,	and	classical”	are	three	latent	factors	that	couldexplain	tens	of	thousands	of	individual	album	preferences.More	specifically,	this	example	will	use	a	type	of	matrix	factorization	model.	Mathe‐matically,	these	algorithms	treat	the	user	and	product	data
as	if	it	were	a	large	matrix	The	Alternating	Least	Squares	Recommender	Algorithm	|	45A,	where	the	entry	at	row	i	and	column	j	exists	if	user	i	has	played	artist	j.	A	is	sparse:most	entries	of	A	are	0,	because	only	a	few	of	all	possible	user-artist	combinationsactually	appear	in	the	data.	They	factor	A	as	the	matrix	product	of	two	smaller	matri‐ces,	X	and
Y.	They	are	very	skinny—both	have	many	rows	because	A	has	many	rowsand	columns,	but	both	have	just	a	few	columns	(k).	The	k	columns	correspond	to	thelatent	factors	that	are	being	used	to	explain	the	interaction	data.The	factorization	can	only	be	approximate	because	k	is	small,	as	shown	in	Figure	3-1.Figure	3-1.	Matrix	factorizationThese
algorithms	are	sometimes	called	matrix	completion	algorithms,	because	theoriginal	matrix	A	may	be	quite	sparse,	but	the	product	XYT	is	dense.	Very	few,	if	any,entries	are	0,	and	therefore	the	model	is	only	an	approximation	to	A.	It	is	a	model	inthe	sense	that	it	produces	(“completes”)	a	value	for	even	the	many	entries	that	aremissing	(that	is,	0)	in
the	original	A.This	is	a	case	where,	happily,	the	linear	algebra	maps	directly	and	elegantly	to	intu‐ition.	These	two	matrices	contain	a	row	for	each	user	and	each	artist,	respectively.The	rows	have	few	values—k.	Each	value	corresponds	to	a	latent	feature	in	the	model.So	the	rows	express	how	much	users	and	artists	associate	with	these	k	latent
features,which	might	correspond	to	tastes	or	genres.	And	it	is	simply	the	product	of	a	user-feature	and	feature-artist	matrix	that	yields	a	complete	estimation	of	the	entire,	denseuser-artist	interaction	matrix.	This	product	might	be	thought	of	as	mapping	items	totheir	attributes,	and	then	weighting	those	by	user	attributes.The	bad	news	is	that	A	=	XYT
generally	has	no	exact	solution	at	all,	because	X	and	Yaren’t	large	enough	(technically	speaking,	too	low	rank)	to	perfectly	represent	A.	Thisis	actually	a	good	thing.	A	is	just	a	tiny	sample	of	all	interactions	that	could	happen.	Ina	way,	we	believe	A	is	a	terribly	spotty	and	therefore	hard-to-explain	view	of	a	simplerunderlying	reality	that	is	well	explained
by	just	some	small	number	of	factors,	k,	ofthem.	Think	of	a	jigsaw	puzzle	depicting	a	cat.	The	final	puzzle	is	simple	to	describe:	a46	|	Chapter	3:	Recommending	Music	and	the	Audioscrobbler	Data	Setcat.	When	you’re	holding	just	a	few	pieces,	however,	the	picture	you	see	is	quite	diffi‐cult	to	describe.XYT	should	still	be	as	close	to	A	as	possible.	After
all,	it’s	all	we’ve	got	to	go	on.	It	willnot	and	should	not	reproduce	it	exactly.	The	bad	news	again	is	that	this	can’t	besolved	directly	for	both	the	best	X	and	best	Y	at	the	same	time.	The	good	news	is	thatit’s	trivial	to	solve	for	the	best	X	if	Y	is	known,	and	vice	versa.	But	neither	is	knownbeforehand!Fortunately,	there	are	algorithms	that	can	escape	this
catch-22	and	find	a	decent	solu‐tion.	More	specifically	still,	the	example	in	this	chapter	will	use	the	Alternating	LeastSquares	(ALS)	algorithm	to	compute	X	and	Y.	This	type	of	approach	was	popularizedaround	the	time	of	the	Netflix	Prize	by	papers	like	“Collaborative	Filtering	forImplicit	Feedback	Datasets”	and	“Large-Scale	Parallel	Collaborative
Filtering	for	theNetflix	Prize”.	In	fact,	Spark	MLlib’s	ALS	implementation	draws	on	ideas	from	both	ofthese	papers.Y	isn’t	known,	but	it	can	be	initialized	to	a	matrix	full	of	randomly	chosen	row	vec‐tors.	Then	simple	linear	algebra	gives	the	best	solution	for	X,	given	A	and	Y.	In	fact,it’s	trivial	to	compute	each	row	i	of	X	separately	as	a	function	of	Y	and
of	one	row	ofA.	Because	it	can	be	done	separately,	it	can	be	done	in	parallel,	and	that	is	an	excellentproperty	for	large-scale	computation:AiY(YTY)–1	=	XiEquality	can’t	be	achieved	exactly,	so	in	fact	the	goal	is	to	minimize	|TAhiYis(YisTwY)h–e1r–e	Xthi|e,or	the	sum	of	squared	differences	between	the	two	matrices’	entries.“least	squares”	in	the	name
comes	from.	In	practice,	this	is	never	solved	by	actuallycomputing	inverses	but	faster	and	more	directly	via	methods	like	the	QR	decomposi‐tion.	This	equation	simply	elaborates	on	the	theory	of	how	the	row	vector	is	compu‐ted.fTrhoemsaYm,	aentdhisnogocna.nTbheisdiosnwehteorecothmep“uatleterenacahtinYgj”frpoamrt	X.	And	again,	to	compute	X
comes	from.	There’s	just	onesmall	problem:	Y	was	made	up,	and	random!	X	was	computed	optimally,	yes,	butgiven	a	bogus	solution	for	Y.	Fortunately,	if	this	process	is	repeated,	X	and	Y	do	even‐tually	converge	to	decent	solutions.When	used	to	factor	a	matrix	representing	implicit	data,	there	is	a	little	more	com‐plexity	to	the	ALS	factorization.	It	is
not	factoring	the	input	matrix	A	directly,	but	amatrix	P	of	0s	and	1s,	containing	1	where	A	contains	a	positive	value	and	0	elsewhere.The	values	in	A	are	incorporated	later	as	weights.	This	detail	is	beyond	the	scope	ofthis	book,	but	is	not	necessary	to	understand	how	to	use	the	algorithm.Finally,	the	ALS	algorithm	can	take	advantage	of	the	sparsity	of
the	input	data	as	well.This,	and	its	reliance	on	simple,	optimized	linear	algebra	and	its	data-parallel	nature,	The	Alternating	Least	Squares	Recommender	Algorithm	|	47make	it	very	fast	at	large	scale.	This	is	much	of	the	reason	it	is	the	topic	of	this	chapter—that,	and	the	fact	that	ALS	is	the	only	recommender	algorithm	currently	imple‐mented	in
Spark	MLlib!Preparing	the	DataFirst,	the	data	set’s	files	need	to	be	made	available.	Copy	all	three	data	files	into	HDFS.This	chapter	will	assume	that	the	files	are	available	at	/user/ds/.	Start	spark-shell.Note	that	this	computation	will	take	up	more	memory	than	simple	applications.	Ifyou	are	running	locally	rather	than	on	a	cluster,	for	example,	you	will
likely	need	tospecify	something	like	--driver-memory	4g	to	have	enough	memory	to	completethese	computations.The	first	step	in	building	a	model	is	to	understand	the	data	that	is	available,	and	parseor	transform	it	into	forms	that	are	useful	for	analysis	in	Spark.Spark	MLlib’s	ALS	implementation	does	not	strictly	require	numeric	IDs	for	usersand
items,	but	is	more	efficient	when	the	IDs	are	in	fact	representable	as	32-bit	inte‐gers.	It’s	advantageous	to	use	Int	to	represent	IDs,	but	this	would	mean	that	the	IDscan’t	exceed	Int.MaxValue,	or	2147483647.	Does	this	data	set	conform	to	thisrequirement	already?	Access	the	file	as	a	data	set	of	Strings	in	Spark	with	SparkSession’s	textFile	method:
val	rawUserArtistData	=	spark.read.textFile("hdfs:///user/ds/user_artist_data.txt")	rawUserArtistData.take(5).foreach(println)	...	1000002	1	55	1000002	1000006	33	1000002	1000007	8	1000002	1000009	144	1000002	1000010	314By	default,	the	data	set	will	contain	one	partition	for	each	HDFS	block.	Because	thisfile	consumes	about	400	MB	on
HDFS,	it	will	split	into	about	three	to	six	partitionsgiven	typical	HDFS	block	sizes.	This	is	normally	fine,	but	machine	learning	tasks	likeALS	are	likely	to	be	more	compute-intensive	than	simple	text	processing.	It	may	bebetter	to	break	the	data	into	smaller	pieces—more	partitions—for	processing.	Thiscan	let	Spark	put	more	processor	cores	to	work	on
the	problem	at	once,	because	eachcan	run	a	task	that	processes	one	partition	independently.	You	can	chain	a	callto	.repartition(n)	after	reading	the	text	file	to	specify	a	different	and	larger	numberof	partitions.	You	might	set	this	higher	to	match	the	number	of	cores	in	your	cluster,for	example.48	|	Chapter	3:	Recommending	Music	and	the
Audioscrobbler	Data	SetEach	line	of	the	file	contains	a	user	ID,	an	artist	ID,	and	a	play	count,	separated	byspaces.	To	compute	statistics	on	the	user	ID,	we	split	the	line	by	a	space	character,	andparse	the	first	two	values	as	integers.	The	result	is	conceptually	two	“columns”:	a	userID	and	artist	ID	as	Ints.	It	makes	sense	to	transform	this	to	a	data
frame	with	col‐umns	named	“user”	and	“artist,”	because	it	then	becomes	simple	to	compute	simplestatistics	like	the	maximum	and	minimum	of	both	columns:	val	userArtistDF	=	rawUserArtistData.map	{	line	=>	val	Array(user,	artist,	_*)	=	line.split('	')	(user.toInt,	artist.toInt)	}.toDF("user",	"artist")userArtistDF.agg(	min("user"),	max("user"),
min("artist"),	max("artist")).show()...+---------+---------+-----------+-----------+|min(user)|max(user)|min(artist)|max(artist)|+---------+---------+-----------+-----------+|	90|	2443548|	1|	10794401|+---------+---------+-----------+-----------+	Match	and	discard	remaining	tokens.The	maximum	user	and	artist	IDs	are	2443548	and	10794401,	respectively	(and	theirminimums	are
90	and	1;	no	negative	values).	These	are	comfortably	smaller	than2147483647.	No	additional	transformation	will	be	necessary	to	use	these	IDs.It	will	be	useful	later	in	this	example	to	know	the	artist	names	corresponding	to	theopaque	numeric	IDs.	This	information	is	contained	in	artist_data.txt.	This	time,	itcontains	the	artist	ID	and	name	separated
by	a	tab.	However,	a	straightforward	pars‐ing	of	the	file	into	(Int,String)	tuples	will	fail:	val	rawArtistData	=	spark.read.textFile("hdfs:///user/ds/artist_data.txt")rawArtistData.map	{	line	=>	val	(id,	name)	=	line.span(_	!=	'\t')	(id.toInt,	name.trim)}.count()...java.lang.NumberFormatException:	For	input	string:	"Aya	Hisakawa"Split	line	at	first	tab.
Trigger	parsing	with	.count;	this	will	fail!Here,	span()	splits	the	line	by	its	first	tab	by	consuming	characters	that	aren’t	tabs.	Itthen	parses	the	first	portion	as	the	numeric	artist	ID,	and	retains	the	rest	as	the	artist	Preparing	the	Data	|	49name	(with	whitespace—the	tab—removed).	A	small	number	of	the	lines	appear	tobe	corrupted.	They	don’t	contain
a	tab	or	they	inadvertently	include	a	newline	char‐acter.	These	lines	cause	a	NumberFormatException,	and	ideally,	they	would	not	mapto	anything	at	all.However,	the	map()	function	must	return	exactly	one	value	for	every	input,	so	it	can’tbe	used.	It’s	possible	to	remove	the	lines	that	don’t	parse	with	filter(),	but	thiswould	duplicate	the	parsing	logic.
The	flatMap()	function	is	appropriate	when	eachelement	maps	to	zero,	one,	or	more	results	because	it	simply	“flattens”	these	collec‐tions	of	zero	or	more	results	from	each	input	into	one	big	data	set.	It	works	with	ScalaCollections,	but	also	with	Scala’s	Option	class.	Option	represents	a	value	that	mightonly	optionally	exist.	It	is	like	a	simple	collection
of	1	or	0	values,	corresponding	to	itsSome	and	None	subclasses.	So,	while	the	function	in	flatMap	in	the	following	codecould	just	as	easily	return	an	empty	List	or	a	List	of	one	element,	this	is	a	reasonableplace	to	instead	use	the	simpler	and	clearer	Some	and	None:	val	artistByID	=	rawArtistData.flatMap	{	line	=>	val	(id,	name)	=	line.span(_	!=	'\t')	if
(name.isEmpty)	{	None	}	else	{	try	{	Some((id.toInt,	name.trim))	}	catch	{	case	_:	NumberFormatException	=>	None	}	}	}.toDF("id",	"name")This	gives	a	data	frame	with	the	artist	ID	and	name	as	columns	“id”	and	“name”.The	artist_alias.txt	file	maps	artist	IDs	that	may	be	misspelled	or	nonstandard	to	theID	of	the	artist’s	canonical	name.	It	contains
two	IDs	per	line,	separated	by	a	tab.	Thisfile	is	relatively	small,	containing	about	200,000	entries.	It	will	be	useful	to	collect	it	asa	Map,	mapping	“bad”	artist	IDs	to	“good”	ones,	instead	of	just	using	it	as	a	data	set	ofpairs	of	artist	IDs.	Again,	some	lines	are	missing	the	first	artist	ID	for	some	reason,and	are	skipped:	val	rawArtistAlias	=
spark.read.textFile("hdfs:///user/ds/artist_alias.txt")	val	artistAlias	=	rawArtistAlias.flatMap	{	line	=>	val	Array(artist,	alias)	=	line.split('\t')	if	(artist.isEmpty)	{	None	}	else	{	Some((artist.toInt,	alias.toInt))	}	}.collect().toMap	artistAlias.head50	|	Chapter	3:	Recommending	Music	and	the	Audioscrobbler	Data	Set...	(1208690,1003926)The	first	entry,	for
instance,	maps	ID	1208690	to	1003926.	We	can	look	these	up	fromthe	DataFrame	containing	artist	names:	artistByID.filter($"id"	isin	(1208690,	1003926)).show()...+-------+----------------+|	id|	name|+-------+----------------+|1208690|Collective	Souls||1003926|	Collective	Soul|+-------+----------------+This	entry	evidently	maps	“Collective	Souls”	to	“Collective
Soul,”	which	is	in	fact	thecorrect	name	for	the	band.Building	a	First	ModelAlthough	the	data	set	is	in	nearly	the	right	form	for	use	with	Spark	MLlib’s	ALSimplementation,	it	requires	a	small	extra	transformation.	The	aliases	data	set	shouldbe	applied	to	convert	all	artist	IDs	to	a	canonical	ID,	if	a	different	canonical	ID	exists.Aside	from	that,	all	that’s
required	is	to	parse	the	lines	of	input	into	suitable	columns.A	helper	function	is	defined	to	do	this,	for	later	reuse.	import	org.apache.spark.sql._	import	org.apache.spark.broadcast._def	buildCounts(	rawUserArtistData:	Dataset[String],	bArtistAlias:	Broadcast[Map[Int,Int]]):	DataFrame	=	{	rawUserArtistData.map	{	line	=>	val	Array(userID,	artistID,
count)	=	line.split('	').map(_.toInt)	val	finalArtistID	=	bArtistAlias.value.getOrElse(artistID,	artistID)	(userID,	finalArtistID,	count)	}.toDF("user",	"artist",	"count")}val	bArtistAlias	=	spark.sparkContext.broadcast(artistAlias)val	trainData	=	buildCounts(rawUserArtistData,	bArtistAlias)trainData.cache()	Get	artist’s	alias	if	it	exists,	otherwise	get	original
artist.The	artistAlias	mapping	created	earlier	could	be	referenced	directly	in	a	map()function	even	though	it	is	a	local	Map	on	the	driver.	This	works,	because	it	would	be	Building	a	First	Model	|	51copied	automatically	with	every	task.	However,	it	is	not	tiny,	consuming	about	15megabytes	in	memory	and	at	least	several	megabytes	in	serialized	form.
Becausemany	tasks	execute	in	one	JVM,	it	is	wasteful	to	send	and	store	so	many	copies	of	thedata.Instead,	we	create	a	broadcast	variable	called	bArtistAlias	for	artistAlias.	Thismakes	Spark	send	and	hold	in	memory	just	one	copy	for	each	executor	in	the	cluster.When	there	are	thousands	of	tasks	and	many	execute	in	parallel	on	each	executor,this	can
save	significant	network	traffic	and	memory.	Broadcast	Variables	When	Spark	runs	a	stage,	it	creates	a	binary	representation	of	all	the	information	needed	to	run	tasks	in	that	stage;	this	is	called	the	closure	of	the	function	that	needs	to	be	executed.	This	closure	includes	all	the	data	structures	on	the	driver	referenced	in	the	function.	Spark	distributes
it	with	every	task	that	is	sent	to	an	executor	on	the	cluster.	Broadcast	variables	are	useful	when	many	tasks	need	access	to	the	same	(immutable)	data	structure.	They	extend	normal	handling	of	task	closures	to	enable:	•	Caching	data	as	raw	Java	objects	on	each	executor,	so	they	need	not	be	deserial‐	ized	for	each	task	•	Caching	data	across	multiple
jobs,	stages,	and	tasks	For	example,	consider	a	natural	language	processing	application	that	requires	a	large	dictionary	of	English	words,	and	has	a	score	function	that	accepts	a	line	of	input	and	dictionary	of	words.	Broadcasting	the	dictionary	means	it	is	transferred	to	each	exec‐	utor	only	once:	val	dict:	Seq[String]	=	...	val	bDict	=
spark.sparkContext.broadcast(dict)	def	query(path:	String)	=	{	spark.read.textFile(path).map(score(_,	bDict.value))	...	}	Although	it’s	beyond	the	scope	of	this	book,	DataFrame	operations	can	at	times	also	automatically	take	advantage	of	broadcasts	when	performing	joins	between	a	large	and	small	table.	Just	broadcasting	the	small	table	is
advantageous	sometimes.	This	is	called	a	broadcast	hash	join.The	call	to	cache()	suggests	to	Spark	that	this	DataFrame	should	be	temporarilystored	after	being	computed,	and	furthermore,	kept	in	memory	in	the	cluster.	This	ishelpful	because	the	ALS	algorithm	is	iterative,	and	will	typically	need	to	access	this52	|	Chapter	3:	Recommending	Music	and
the	Audioscrobbler	Data	Setdata	10	times	or	more.	Without	this,	the	DataFrame	could	be	repeatedly	recomputedfrom	the	original	data	each	time	it	is	accessed!	The	Storage	tab	in	the	Spark	UI	willshow	how	much	of	the	DataFrame	is	cached	and	how	much	memory	it	uses,	asshown	in	Figure	3-2.	This	one	consumes	about	120	MB	across	the
cluster.Figure	3-2.	Storage	tab	in	the	Spark	UI,	showing	cached	DataFrame	memory	usageNote	that	the	label	“Deserialized”	in	the	UI	above	is	actually	only	relevant	for	RDDs,where	“Serialized”	means	data	are	stored	in	memory	not	as	objects,	but	as	serializedbytes.	However,	Dataset	and	DataFrame	instances	like	this	one	perform	their
own“encoding”	of	common	data	types	in	memory	separately.Actually,	120	MB	is	surprisingly	small.	Given	that	there	are	about	24	million	playsstored	here,	a	quick	back-of-the-envelope	calculation	suggests	that	this	would	meanthat	each	user-artist-count	entry	consumes	only	5	bytes	on	average.	However,	thethree	32-bit	integers	alone	ought	to
consume	12	bytes.	This	is	one	of	the	advantagesof	a	DataFrame.	Because	the	types	of	data	stored	are	primitive	32-bit	integers,	theirrepresentation	can	be	optimized	in	memory	internally.	In	the	original	RDD-basedAPI	for	ALS,	which	would	have	required	storing	a	collection	of	24	million	Ratingobjects	in	memory,	the	RDD	would	have	consumed	over
900	MB.Finally,	we	can	build	a	model:	import	org.apache.spark.ml.recommendation._	import	scala.util.Random	val	model	=	new	ALS().	setSeed(Random.nextLong()).	setImplicitPrefs(true).	setRank(10).	setRegParam(0.01).	setAlpha(1.0).	setMaxIter(5).	setUserCol("user").	setItemCol("artist").	setRatingCol("count").	setPredictionCol("prediction").
fit(trainData)	Use	random	seed	Building	a	First	Model	|	53This	constructs	model	as	an	ALSModel	with	some	default	configuration.	The	operationwill	likely	take	minutes	or	more	depending	on	your	cluster.	Compared	to	somemachine	learning	models,	whose	final	form	may	consist	of	just	a	few	parameters	orcoefficients,	this	type	of	model	is	huge.	It
contains	a	feature	vector	of	10	values	foreach	user	and	product	in	the	model,	and	in	this	case	there	are	more	than	1.7	millionof	them.	The	model	contains	these	large	user-feature	and	product-feature	matrices	asDataFrames	of	their	own.The	values	in	your	results	may	be	somewhat	different.	The	final	model	depends	on	arandomly	chosen	initial	set	of
feature	vectors.	The	default	behavior	of	this	and	othercomponents	in	MLlib,	however,	is	to	use	the	same	set	of	random	choices	every	timeby	defaulting	to	a	fixed	seed.	This	is	unlike	other	libraries,	where	behavior	of	randomelements	is	typically	not	fixed	by	default.	So,	here	and	elsewhere,	a	random	seed	is	setwith	setSeed(Random.nextLong()).To	see
some	feature	vectors,	try	the	following,	which	displays	just	one	row	and	doesnot	truncate	the	wide	display	of	the	feature	vector:	model.userFactors.show(1,	truncate	=	false)...+---+-----------------------------------------------	...|id	|features	...+---+-----------------------------------------------	...|90	|[-0.2738046,	0.03154172,	1.046261,	-0.52314466,	...+---+----------------------------------
-------------	...The	other	methods	invoked	on	ALS,	like	setAlpha,	set	hyperparameters	whose	valuecan	affect	the	quality	of	the	recommendations	that	the	model	makes.	These	will	beexplained	later.	The	more	important	first	question	is,	is	the	model	any	good?	Does	itproduce	good	recommendations?Spot	Checking	RecommendationsWe	should	first	see	if
the	artist	recommendations	make	any	intuitive	sense,	by	exam‐ining	a	user,	plays,	and	recommendations	for	that	user.	Take,	for	example,	user2093760.	First,	let’s	look	at	his	or	her	plays	to	get	a	sense	of	the	person’s	tastes.	Extractthe	IDs	of	artists	that	this	user	has	listened	to	and	print	their	names.	This	meanssearching	the	input	for	artist	IDs	played
by	this	user,	and	then	filtering	the	set	ofartists	by	these	IDs	in	order	to	print	the	names	in	order:val	userID	=	2093760val	existingArtistIDs	=	trainData.	filter($"user"	===	userID).	select("artist").as[Int].collect()artistByID.filter($"id"	isin	(existingArtistIDs:_*)).show()54	|	Chapter	3:	Recommending	Music	and	the	Audioscrobbler	Data	Set...+-------+--------
-------+|	id|	name|+-------+---------------+|	1180|	David	Gray||	378|	Blackalicious||	813|	Jurassic	5||1255340|The	Saw	Doctors||	942|	Xzibit|+-------+---------------+Find	lines	whose	user	is	2093760.Collect	data	set	of	Int	artist	ID.	Filter	in	those	artists;	note	:_*	varargs	syntax.The	artists	look	like	a	mix	of	mainstream	pop	and	hip-hop.	A	Jurassic	5	fan?	Remem‐ber,
it’s	2005.	In	case	you’re	wondering,	the	Saw	Doctors	are	a	very	Irish	rock	bandpopular	in	Ireland.The	bad	news	is	that,	surprisingly,	ALSModel	does	not	have	a	method	that	directlycomputes	top	recommendations	for	a	user.	Its	purpose	is	to	estimate	a	user’s	prefer‐ence	for	any	given	artist.	Spark	2.2	will	add	a	recommendAll	method	to	address
this,but	this	has	not	been	released	at	the	time	fo	this	writing.	This	can	be	used	to	score	allartists	for	a	user	and	then	return	the	few	with	the	highest	predicted	score:	def	makeRecommendations(	model:	ALSModel,	userID:	Int,	howMany:	Int):	DataFrame	=	{val	toRecommend	=	model.itemFactors.	select($"id".as("artist")).	withColumn("user",
lit(userID))	model.transform(toRecommend).	select("artist",	"prediction").	orderBy($"prediction".desc).	limit(howMany)}Select	all	artist	IDs	and	pair	with	target	user	ID.	Score	all	artists,	return	top	by	score.Note	that	this	method	does	not	bother	to	filter	out	the	IDs	of	artists	the	user	hasalready	listened	to.	Although	this	is	common,	it’s	not	always
desirable,	and	won’t	mat‐ter	for	our	purposes	anyway.	Spot	Checking	Recommendations	|	55Now,	it’s	simple	to	make	recommendations,	though	computing	them	this	way	willtake	a	few	moments.	It’s	suitable	for	batch	scoring	but	not	real-time	use	cases:	val	topRecommendations	=	makeRecommendations(model,	userID,	5)



topRecommendations.show()	...	+-------+-----------+	|	artist|	prediction|	+-------+-----------+	|	2814|0.030201003|	|1300642|0.029290354|	|1001819|0.029130368|	|1007614|0.028773561|	|1037970|0.028646756|	+-------+-----------+The	results	contain	an	artist	ID	of	course,	and	also	a	“prediction.”	For	this	type	of	ALSalgorithm,	the	prediction	is	an	opaque
value	normally	between	0	and	1,	where	highervalues	mean	a	better	recommendation.	It	is	not	a	probability,	but	can	be	thought	of	asan	estimate	of	a	0/1	value	indicating	whether	the	user	won’t	or	will	interact	with	theartist,	respectively.After	extracting	the	artist	IDs	for	the	recommendations,	we	can	look	up	artist	namesin	a	similar	way:	val
recommendedArtistIDs	=	topRecommendations.select("artist").as[Int].collect()artistByID.filter($"id"	isin	(recommendedArtistIDs:_*)).show()...+-------+----------+|	id|	name|+-------+----------+|	2814|	50	Cent||1007614|	Jay-Z||1037970|Kanye	West||1001819|	2Pac||1300642|	The	Game|+-------+----------+The	result	is	all	hip-hop.	This	doesn’t	look	like	a	great	set
of	recommendations,	at	firstglance.	While	these	are	generally	popular	artists,	they	don’t	appear	to	be	personalizedto	this	user’s	listening	habits.Evaluating	Recommendation	QualityOf	course,	that’s	just	one	subjective	judgment	about	one	user’s	results.	It’s	hard	foranyone	but	that	user	to	quantify	how	good	the	recommendations	are.	Moreover,	it’s56	|
Chapter	3:	Recommending	Music	and	the	Audioscrobbler	Data	Setinfeasible	to	have	any	human	manually	score	even	a	small	sample	of	the	output	toevaluate	the	results.It’s	reasonable	to	assume	that	users	tend	to	play	songs	from	artists	who	are	appealing,and	not	play	songs	from	artists	who	aren’t	appealing.	So,	the	plays	for	a	user	give	apartial
picture	of	“good”	and	“bad”	artist	recommendations.	This	is	a	problematicassumption	but	about	the	best	that	can	be	done	without	any	other	data.	For	example,presumably	user	2093760	likes	many	more	artists	than	the	5	listed	previously,	andamong	the	1.7	million	other	artists	not	played,	a	few	are	of	interest	and	not	all	are“bad”
recommendations.What	if	a	recommender	were	evaluated	on	its	ability	to	rank	good	artists	high	in	a	listof	recommendations?	This	is	one	of	several	generic	metrics	that	can	be	applied	to	asystem	that	ranks	things,	like	a	recommender.	The	problem	is	that	“good”	is	definedas	“artists	the	user	has	listened	to,”	and	the	recommender	system	has	already
receivedall	of	this	information	as	input.	It	could	trivially	return	the	user’s	previously	listened-to	artists	as	top	recommendations	and	score	perfectly.	But	this	is	not	useful,	especiallybecause	the	recommender’s	role	is	to	recommend	artists	that	the	user	has	never	lis‐tened	to.To	make	this	meaningful,	some	of	the	artist	play	data	can	be	set	aside	and
hiddenfrom	the	ALS	model-building	process.	Then,	this	held-out	data	can	be	interpreted	asa	collection	of	good	recommendations	for	each	user	but	one	that	the	recommenderhas	not	already	been	given.	The	recommender	is	asked	to	rank	all	items	in	the	model,and	the	ranks	of	the	held-out	artists	are	examined.	Ideally,	the	recommender	placesall	of
them	at	or	near	the	top	of	the	list.We	can	then	compute	the	recommender’s	score	by	comparing	all	held-out	artists’ranks	to	the	rest.	(In	practice,	we	compute	this	by	examining	only	a	sample	of	all	suchpairs,	because	a	potentially	huge	number	of	such	pairs	may	exist.)	The	fraction	ofpairs	where	the	held-out	artist	is	ranked	higher	is	its	score.	A	score
of	1.0	is	perfect,0.0	is	the	worst	possible	score,	and	0.5	is	the	expected	value	achieved	from	randomlyranking	artists.This	metric	is	directly	related	to	an	information	retrieval	concept	called	the	receiveroperating	characteristic	(ROC)	curve.	The	metric	in	the	preceding	paragraph	equalsthe	area	under	this	ROC	curve,	and	is	indeed	known	as	AUC,	or
Area	Under	theCurve.	AUC	may	be	viewed	as	the	probability	that	a	randomly	chosen	good	recom‐mendation	ranks	above	a	randomly	chosen	bad	recommendation.The	AUC	metric	is	also	used	in	the	evaluation	of	classifiers.	It	is	implemented,	alongwith	related	methods,	in	the	MLlib	class	BinaryClassificationMetrics.	For	recom‐menders,	we	will
compute	AUC	per	user	and	average	the	result.	The	resulting	metricis	slightly	different,	and	might	be	called	“mean	AUC.”	We	will	implement	this,because	it	is	not	(quite)	implemented	in	Spark.	Evaluating	Recommendation	Quality	|	57Other	evaluation	metrics	that	are	relevant	to	systems	that	rank	things	are	imple‐mented	in	RankingMetrics.	These
include	metrics	like	precision,	recall,	and	meanaverage	precision	(MAP).	MAP	is	also	frequently	used	and	focuses	more	narrowly	onthe	quality	of	the	top	recommendations.	However,	AUC	will	be	used	here	as	a	com‐mon	and	broad	measure	of	the	quality	of	the	entire	model	output.In	fact,	the	process	of	holding	out	some	data	to	select	a	model	and
evaluate	its	accu‐racy	is	common	practice	in	all	of	machine	learning.	Typically,	data	is	divided	intothree	subsets:	training,	cross-validation	(CV),	and	test	sets.	For	simplicity	in	this	ini‐tial	example,	only	two	sets	will	be	used:	training	and	CV.	This	will	be	sufficient	tochoose	a	model.	In	Chapter	4,	this	idea	will	be	extended	to	include	the	test
set.Computing	AUCAn	implementation	of	mean	AUC	is	provided	in	the	source	code	accompanying	thisbook.	It	is	complex	and	not	reproduced	here,	but	is	explained	in	some	detail	in	com‐ments	in	the	source	code.	It	accepts	the	CV	set	as	the	“positive”	or	“good”	artists	foreach	user,	and	a	prediction	function.	This	function	translates	a	data	frame
containingeach	user-artist	pair	into	a	data	frame	that	also	contains	its	estimated	strength	ofinteraction	as	a	“prediction,”	a	number	wherein	higher	values	mean	higher	rank	inthe	recommendations.In	order	to	use	it,	we	must	split	the	input	data	into	a	training	and	CV	set.	The	ALSmodel	will	be	trained	on	the	training	data	set	only,	and	the	CV	set	will	be
used	toevaluate	the	model.	Here,	90%	of	the	data	is	used	for	training	and	the	remaining	10%for	cross-validation:	def	areaUnderCurve(	positiveData:	DataFrame,	bAllArtistIDs:	Broadcast[Array[Int]],	predictFunction:	(DataFrame	=>	DataFrame)):	Double	=	{	...	}	val	allData	=	buildCounts(rawUserArtistData,	bArtistAlias)	val	Array(trainData,	cvData)	=
allData.randomSplit(Array(0.9,	0.1))	trainData.cache()	cvData.cache()	val	allArtistIDs	=	allData.select("artist").as[Int].distinct().collect()	val	bAllArtistIDs	=	spark.sparkContext.broadcast(allArtistIDs)	val	model	=	new	ALS().	setSeed(Random.nextLong()).	setImplicitPrefs(true).	setRank(10).setRegParam(0.01).setAlpha(1.0).setMaxIter(5).
setUserCol("user").setItemCol("artist").	setRatingCol("count").setPredictionCol("prediction").58	|	Chapter	3:	Recommending	Music	and	the	Audioscrobbler	Data	Setfit(trainData)	areaUnderCurve(cvData,	bAllArtistIDs,	model.transform)	Note	that	this	function	is	defined	above.	Remove	duplicates,	and	collect	to	driver.Note	that	areaUnderCurve()
accepts	a	function	as	its	third	argument.	Here,	the	transform	method	from	ALSModel	is	passed	in,	but	it	will	shortly	be	swapped	out	for	analternative.The	result	is	about	0.879.	Is	this	good?	It	is	certainly	higher	than	the	0.5	that	isexpected	from	making	recommendations	randomly,	and	it’s	close	to	1.0,	which	is	themaximum	possible	score.	Generally,
an	AUC	over	0.9	would	be	considered	high.But	is	it	an	accurate	evaluation?	This	evaluation	could	be	repeated	with	a	different90%	as	the	training	set.	The	resulting	AUC	values’	average	might	be	a	better	estimateof	the	algorithm’s	performance	on	the	data	set.	In	fact,	one	common	practice	is	todivide	the	data	into	k	subsets	of	similar	size,	use	k	–	1
subsets	together	for	training,and	evaluate	on	the	remaining	subset.	We	can	repeat	this	k	times,	using	a	different	setof	subsets	each	time.	This	is	called	k-fold	cross-validation.	This	won’t	be	implementedin	examples	here,	for	simplicity,	but	some	support	for	this	technique	exists	in	MLlibin	its	CrossValidator	API.	The	validation	API	will	be	revisited	in
Chapter	4.It’s	helpful	to	benchmark	this	against	a	simpler	approach.	For	example,	consider	rec‐ommending	the	globally	most-played	artists	to	every	user.	This	is	not	personalized,but	it	is	simple	and	may	be	effective.	Define	this	simple	prediction	function	and	eval‐uate	its	AUC	score:	def	predictMostListened(train:	DataFrame)(allData:	DataFrame)	=	{
val	listenCounts	=	train.	groupBy("artist").	agg(sum("count").as("prediction")).	select("artist",	"prediction")	allData.	join(listenCounts,	Seq("artist"),	"left_outer").	select("user",	"artist",	"prediction")	}	areaUnderCurve(cvData,	bAllArtistIDs,	predictMostListened(trainData))This	is	another	interesting	demonstration	of	Scala	syntax,	where	the	function
appearsto	be	defined	to	take	two	lists	of	arguments.	Calling	the	function	and	supplying	thefirst	argument	creates	a	partially	applied	function,	which	itself	takes	an	argument	(allData)	in	order	to	return	predictions.	The	result	of	predictMostListened(trainData)	is	a	function.	Computing	AUC	|	59The	result	is	also	about	0.880.	This	suggests	that
nonpersonalized	recommendationsare	already	fairly	effective	according	to	this	metric.	However,	we’d	expect	the	“person‐alized”	recommendations	to	score	better	in	comparison.	Clearly,	the	model	needssome	tuning.	Can	it	be	made	better?Hyperparameter	SelectionSo	far,	the	hyperparameter	values	used	to	build	the	ALSModel	were	simply
givenwithout	comment.	They	are	not	learned	by	the	algorithm	and	must	be	chosen	by	thecaller.	The	configured	hyperparameters	were:setRank(10)	The	number	of	latent	factors	in	the	model,	or	equivalently,	the	number	of	col‐	umns	k	in	the	user-feature	and	product-feature	matrices.	In	nontrivial	cases,	this	is	also	their	rank.setMaxIter(5)	The	number
of	iterations	that	the	factorization	runs.	More	iterations	take	more	time	but	may	produce	a	better	factorization.setRegParam(0.01)	A	standard	overfitting	parameter,	also	usually	called	lambda.	Higher	values	resist	overfitting,	but	values	that	are	too	high	hurt	the	factorization’s	accuracy.setAlpha(1.0)	Controls	the	relative	weight	of	observed	versus
unobserved	user-product	interac‐	tions	in	the	factorization.rank,	regParam,	and	alpha	can	be	considered	hyperparameters	to	the	model.	(maxIter	is	more	of	a	constraint	on	resources	used	in	the	factorization.)	These	are	notvalues	that	end	up	in	the	matrices	inside	the	ALSModel—those	are	simply	its	parame‐ters	and	are	chosen	by	the	algorithm.	These
hyperparameters	are	instead	parametersto	the	process	of	building	itself.The	values	used	in	the	preceding	list	are	not	necessarily	optimal.	Choosing	goodhyperparameter	values	is	a	common	problem	in	machine	learning.	The	most	basicway	to	choose	values	is	to	simply	try	combinations	of	values	and	evaluate	a	metric	foreach	of	them,	and	choose	the
combination	that	produces	the	best	value	of	the	metric.In	the	following	example,	eight	possible	combinations	are	tried:	rank	=	5	or	30,regParam	=	4.0	or	0.0001,	and	alpha	=	1.0	or	40.0.	These	values	are	still	something	ofa	guess,	but	are	chosen	to	cover	a	broad	range	of	parameter	values.	The	results	areprinted	in	order	by	top	AUC	score:	val
evaluations	=	for	(rank	6694932,	435,	1005820,	58,	1244362	1001043	->	1854,	4267,	1006016,	4468,	1274	1001129	->	234,	1411,	1307,	189,	121	...	Copy	100	(distinct)	users	to	the	driver.	map()	is	a	local	Scala	operation	here.	mkString	joins	a	collection	to	a	string	with	a	delimiter.Here,	the	recommendations	are	just	printed.	They	could	just	as	easily
be	written	to	anexternal	store	like	HBase,	which	provides	fast	lookup	at	runtime.Interestingly,	this	entire	process	could	also	be	used	to	recommend	users	to	artists.This	could	be	used	to	answer	questions	like	“Which	100	users	are	most	likely	to	beinterested	in	the	new	album	by	artist	X?”	Doing	so	would	only	require	swapping	theuser	and	artist	field
when	parsing	the	input:	rawArtistData.map	{	line	=>	val	(id,	name)	=	line.span(_	!=	'\t')	(name.trim,	id.int)	}	Making	Recommendations	|	63Where	to	Go	from	HereNaturally,	it’s	possible	to	spend	more	time	tuning	the	model	parameters,	and	findingand	fixing	anomalies	in	the	input,	like	the	[unknown]	artist.	For	example,	a	quickanalysis	of	play	counts
reveals	that	user	2064012	played	artist	4468	an	astonishing439,771	times!	Artist	4468	is	the	implausibly	successful	alterna-metal	band	System	ofa	Down,	who	turned	up	earlier	in	recommendations.	Assuming	an	average	songlength	of	4	minutes,	this	is	over	33	years	of	playing	hits	like	“Chop	Suey!”	and“B.Y.O.B.”	Because	the	band	started	making
records	in	1998,	this	would	require	play‐ing	four	or	five	tracks	at	once	for	seven	years.	It	must	be	spam	or	a	data	error,	andanother	example	of	the	types	of	real-world	data	problems	that	a	production	systemwould	have	to	address.ALS	is	not	the	only	possible	recommender	algorithm,	but	at	this	time,	it	is	the	onlyone	supported	by	Spark	MLlib.
However,	MLlib	also	supports	a	variant	of	ALS	fornon-implicit	data.	Its	use	is	identical,	except	that	ALS	is	configured	with	setImplicitPrefs(false).	This	is	appropriate	when	data	is	rating-like,	rather	than	count-like.For	example,	it	is	appropriate	when	the	data	set	is	user	ratings	of	artists	on	a	1–5scale.	The	resulting	prediction	column	returned	from
ALSModel.transform	recom‐mendation	methods	then	really	is	an	estimated	rating.	In	this	case,	the	simple	RMSE(root	mean	squared	error)	metric	is	appropriate	for	evaluating	the	recommender.Later,	other	recommender	algorithms	may	be	available	in	Spark	MLlib	or	otherlibraries.In	production,	recommender	engines	often	need	to	make
recommendations	in	realtime,	because	they	are	used	in	contexts	like	ecommerce	sites	where	recommendationsare	requested	frequently	as	customers	browse	product	pages.	Precomputing	and	stor‐ing	recommendations	in	a	NoSQL	store,	as	mentioned	previously,	is	a	reasonable	wayto	make	recommendations	available	at	scale.	One	disadvantage	of
this	approach	isthat	it	requires	precomputing	recommendations	for	all	users	who	might	need	recom‐mendations	soon,	which	is	potentially	any	of	them.	For	example,	if	only	10,000	of	1million	users	visit	a	site	in	a	day,	precomputing	all	million	users’	recommendationseach	day	is	99%	wasted	effort.It	would	be	nicer	to	compute	recommendations	on	the
fly,	as	needed.	While	we	cancompute	recommendations	for	one	user	using	the	ALSModel,	this	is	necessarily	a	dis‐tributed	operation	that	takes	several	seconds,	because	ALSModel	is	uniquely	large	andtherefore	actually	a	distributed	data	set.	This	is	not	true	of	other	models,	which	affordmuch	faster	scoring.	Projects	like	Oryx	2	attempt	to	implement
real-time	on-demandrecommendations	with	libraries	like	MLlib	by	efficiently	accessing	the	model	data	inmemory.64	|	Chapter	3:	Recommending	Music	and	the	Audioscrobbler	Data	SetCHAPTER	4Predicting	Forest	Cover	with	Decision	Trees	Sean	Owen	Prediction	is	very	difficult,	especially	if	it’s	about	the	future.	—Niels	BohrIn	the	late	nineteenth
century,	the	English	scientist	Sir	Francis	Galton	was	busy	meas‐uring	things	like	peas	and	people.	He	found	that	large	peas	(and	people)	had	larger-than-average	offspring.	This	isn’t	surprising.	However,	the	offspring	were,	on	average,smaller	than	their	parents.	In	terms	of	people:	the	child	of	a	seven-foot-tall	basketballplayer	is	likely	to	be	taller	than
the	global	average	but	still	more	likely	than	not	to	beless	than	seven	feet	tall.As	almost	a	side	effect	of	his	study,	Galton	plotted	child	versus	parent	size	andnoticed	there	was	a	roughly	linear	relationship	between	the	two.	Large	parent	peashad	large	children,	but	slightly	smaller	than	themselves;	small	parents	had	small	chil‐dren,	but	generally	a	bit
larger	than	themselves.	The	line’s	slope	was	therefore	positivebut	less	than	1,	and	Galton	described	this	phenomenon	as	we	do	today,	as	regressionto	the	mean.Although	maybe	not	perceived	this	way	at	the	time,	this	line	was,	to	me,	an	earlyexample	of	a	predictive	model.	The	line	links	the	two	values,	and	implies	that	thevalue	of	one	suggests	a	lot
about	the	value	of	the	other.	Given	the	size	of	a	new	pea,this	relationship	could	lead	to	a	more	accurate	estimate	of	its	offspring’s	size	thansimply	assuming	the	offspring	would	be	like	the	parent	or	like	every	other	pea.Fast	Forward	to	RegressionMore	than	a	century	of	statistics	later,	and	since	the	advent	of	modern	machine	learn‐ing	and	data
science,	we	still	talk	about	the	idea	of	predicting	a	value	from	other	val‐ues	as	regression,	even	though	it	has	nothing	to	do	with	slipping	back	toward	a	mean	65value,	or	indeed	moving	backward	at	all.	Regression	techniques	also	relate	to	classifi‐cation	techniques.	Generally,	regression	refers	to	predicting	a	numeric	quantity	likesize	or	income	or
temperature,	whereas	classification	refers	to	predicting	a	label	orcategory,	like	“spam”	or	“picture	of	a	cat.”The	common	thread	linking	regression	and	classification	is	that	both	involve	predict‐ing	one	(or	more)	values	given	one	(or	more)	other	values.	To	do	so,	both	require	abody	of	inputs	and	outputs	to	learn	from.	They	need	to	be	fed	both	questions
andknown	answers.	For	this	reason,	they	are	known	as	types	of	supervised	learning.Classification	and	regression	are	the	oldest	and	most	well-studied	types	of	predictiveanalytics.	Most	algorithms	you	will	likely	encounter	in	analytics	packages	and	libra‐ries	are	classification	or	regression	techniques,	like	support	vector	machines,	logisticregression,
naïve	Bayes,	neural	networks,	and	deep	learning.	Recommenders,	thetopic	of	Chapter	3,	were	comparatively	more	intuitive	to	introduce,	but	are	also	just	arelatively	recent	and	separate	subtopic	within	machine	learning.This	chapter	will	focus	on	a	popular	and	flexible	type	of	algorithm	for	both	classifica‐tion	and	regression:	decision	trees,	and	the
algorithm’s	extension,	random	decisionforests.	The	exciting	thing	about	these	algorithms	is	that,	with	all	due	respect	to	Mr.Bohr,	they	can	help	predict	the	future—or	at	least,	predict	the	things	we	don’t	yetknow	for	sure,	like	the	likelihood	you	will	buy	a	car	based	on	your	online	behavior,whether	an	email	is	spam	given	its	words,	or	which	acres	of
land	are	likely	to	growthe	most	crops	given	their	location	and	soil	chemistry.Vectors	and	FeaturesTo	explain	the	choice	of	the	data	set	and	algorithm	featured	in	this	chapter,	and	tobegin	to	explain	how	regression	and	classification	operate,	it	is	necessary	to	brieflydefine	the	terms	that	describe	their	input	and	output.Consider	predicting	tomorrow’s
high	temperature	given	today’s	weather.	There	isnothing	wrong	with	this	idea,	but	“today’s	weather”	is	a	casual	concept	that	requiresstructuring	before	it	can	be	fed	into	a	learning	algorithm.Really,	it	is	certain	features	of	today’s	weather	that	may	predict	tomorrow’s	tempera‐ture,	such	as:	•	Today’s	high	temperature	•	Today’s	low	temperature	•
Today’s	average	humidity	•	Whether	it’s	cloudy,	rainy,	or	clear	today	•	The	number	of	weather	forecasters	predicting	a	cold	snap	tomorrow66	|	Chapter	4:	Predicting	Forest	Cover	with	Decision	TreesThese	features	are	also	sometimes	called	dimensions,	predictors,	or	just	variables.	Eachof	these	features	can	be	quantified.	For	example,	high	and	low
temperatures	are	meas‐ured	in	degrees	Celsius,	humidity	can	be	measured	as	a	fraction	between	0	and	1,	andweather	type	can	be	labeled	cloudy,	rainy,	or	clear.	The	number	of	forecasters	is,	ofcourse,	an	integer	count.	Today’s	weather	might	therefore	be	reduced	to	a	list	of	val‐ues	like	13.1,19.0,0.73,cloudy,1.These	five	features	together,	in	order,
are	known	as	a	feature	vector,	and	can	describeany	day’s	weather.	This	usage	bears	some	resemblance	to	use	of	the	term	vector	in	lin‐ear	algebra,	except	that	a	vector	in	this	sense	can	conceptually	contain	nonnumericvalues,	and	even	lack	some	values.These	features	are	not	all	of	the	same	type.	The	first	two	features	are	measured	indegrees	Celsius,
but	the	third	is	unitless,	a	fraction.	The	fourth	is	not	a	number	at	all,and	the	fifth	is	a	number	that	is	always	a	nonnegative	integer.For	purposes	of	discussion,	this	book	will	talk	about	features	in	two	broad	groupsonly:	categorical	features	and	numeric	features.	In	this	context,	numeric	features	arethose	that	can	be	quantified	by	a	number	and	have	a
meaningful	ordering.	For	exam‐ple,	it’s	meaningful	to	say	that	today’s	high	was	23ºC,	and	that	this	is	higher	than	yes‐terday’s	high	of	22ºC.	All	of	the	features	mentioned	previously	are	numeric,	exceptthe	weather	type.	Terms	like	clear	are	not	numbers,	and	have	no	ordering.	It	ismeaningless	to	say	that	cloudy	is	larger	than	clear.	This	is	a	categorical
feature,which	instead	takes	on	one	of	several	discrete	values.Training	ExamplesA	learning	algorithm	needs	to	train	on	data	in	order	to	make	predictions.	It	requires	alarge	number	of	inputs,	and	known	correct	outputs,	from	historical	data.	For	exam‐ple,	in	this	problem,	the	learning	algorithm	would	be	given	that,	one	day,	the	weatherwas	between	12º
and	16ºC,	with	10%	humidity,	clear,	with	no	forecast	of	a	cold	snap;and	the	following	day,	the	high	temperature	was	17.2ºC.	With	enough	of	these	exam‐ples,	a	learning	algorithm	might	learn	to	predict	the	following	day’s	high	temperaturewith	some	accuracy.Feature	vectors	provide	an	organized	way	to	describe	input	to	a	learning	algorithm(here:
12.5,15.5,0.10,clear,0).	The	output,	or	target,	of	the	prediction	can	also	bethought	of	as	a	feature.	Here,	it	is	a	numeric	feature:	17.2.	It’s	not	uncommon	to	sim‐ply	include	the	target	as	another	feature	in	the	feature	vector.	The	entire	trainingexample	might	be	thought	of	as	12.5,15.5,0.10,clear,0,17.2.	The	collection	of	allof	these	examples	is	known	as
the	training	set.Note	that	regression	problems	are	just	those	where	the	target	is	a	numeric	feature,and	classification	problems	are	those	where	the	target	is	categorical.	Not	every	Training	Examples	|	67regression	or	classification	algorithm	can	handle	categorical	features	or	categoricaltargets;	some	are	limited	to	numeric	features.Decision	Trees	and
ForestsIt	turns	out	that	the	family	of	algorithms	known	as	decision	trees	can	naturally	handleboth	categorical	and	numeric	features.	Building	a	single	tree	can	be	done	in	parallel,and	many	trees	can	be	built	in	parallel	at	once.	They	are	robust	to	outliers	in	the	data,meaning	that	a	few	extreme	and	possibly	erroneous	data	points	might	not	affect	pre‐
dictions	at	all.	They	can	consume	data	of	different	types	and	on	different	scaleswithout	the	need	for	preprocessing	or	normalization,	which	is	an	issue	that	will	reap‐pear	in	Chapter	5.Decision	trees	generalize	into	a	more	powerful	algorithm,	called	random	decision	for‐ests.	Their	flexibility	makes	these	algorithms	worthwhile	to	examine	in	this
chapter,where	Spark	MLlib’s	DecisionTree	and	RandomForest	implementation	will	beapplied	to	a	data	set.Decision	tree–based	algorithms	have	the	further	advantage	of	being	comparativelyintuitive	to	understand	and	reason	about.	In	fact,	we	all	probably	use	the	same	rea‐soning	embodied	in	decision	trees,	implicitly,	in	everyday	life.	For	example,	I
sitdown	to	have	morning	coffee	with	milk.	Before	I	commit	to	that	milk	and	add	it	tomy	brew,	I	want	to	predict:	is	the	milk	spoiled?	I	don’t	know	for	sure.	I	might	check	ifthe	use-by	date	has	passed.	If	not,	I	predict	no,	it’s	not	spoiled.	If	the	date	has	passed,but	that	was	three	or	fewer	days	ago,	I	take	my	chances	and	predict	no,	it’s	not
spoiled.Otherwise,	I	sniff	the	milk.	If	it	smells	funny,	I	predict	yes,	and	otherwise	no.This	series	of	yes/no	decisions	that	lead	to	a	prediction	are	what	decision	treesembody.	Each	decision	leads	to	one	of	two	results,	which	is	either	a	prediction	oranother	decision,	as	shown	in	Figure	4-1.	In	this	sense,	it	is	natural	to	think	of	theprocess	as	a	tree	of
decisions,	where	each	internal	node	in	the	tree	is	a	decision,	andeach	leaf	node	is	a	final	answer.68	|	Chapter	4:	Predicting	Forest	Cover	with	Decision	TreesFigure	4-1.	Decision	tree:	is	it	spoiled?The	preceding	rules	were	ones	I	learned	to	apply	intuitively	over	years	of	bachelor	life—they	seemed	like	rules	that	were	both	simple	and	also	usefully
differentiated	casesof	spoiled	and	nonspoiled	milk.	These	are	also	properties	of	a	good	decision	tree.That	is	a	simplistic	decision	tree,	and	was	not	built	with	any	rigor.	To	elaborate,	con‐sider	another	example.	A	robot	has	taken	a	job	in	an	exotic	pet	store.	It	wants	tolearn,	before	the	shop	opens,	which	animals	in	the	shop	would	make	a	good	pet	for
achild.	The	owner	lists	nine	pets	that	would	and	wouldn’t	be	suitable	before	hurryingoff.	The	robot	compiles	the	information	found	in	Table	4-1	from	examining	theanimals.Table	4-1.	Exotic	pet	store	“feature	vectors”Name	Weight	(kg)	#	Legs	Color	Good	pet?Fido	20.5	4	Brown	YesMr.	Slither	3.1	0	Green	NoNemo	0.2	0	Tan	YesDumbo	1390.8	4	Gray
NoKitty	12.1	4	Gray	YesJim	150.9	2	Tan	NoMillie	0.1	100	Brown	NoMcPigeon	1.0	2	Gray	NoSpot	10.0	4	Brown	Yes	Decision	Trees	and	Forests	|	69Although	a	name	is	given,	it	will	not	be	included	as	a	feature.	There	is	little	reason	tobelieve	the	name	alone	is	predictive;	“Felix”	could	name	a	cat	or	a	poisonous	taran‐tula,	for	all	the	robot	knows.	So,
there	are	two	numeric	features	(weight,	number	oflegs)	and	one	categorical	feature	(color)	predicting	a	categorical	target	(is/is	not	agood	pet	for	a	child).The	robot	might	try	to	fit	a	simple	decision	tree	to	this	training	data	to	start,	consist‐ing	of	a	single	decision	based	on	weight,	as	shown	in	Figure	4-2.Figure	4-2.	Robot’s	first	decision	treeThe	logic	of
the	decision	tree	is	easy	to	read	and	make	some	sense	of:	500kg	animalscertainly	sound	unsuitable	as	pets.	This	rule	predicts	the	correct	value	in	five	of	ninecases.	A	quick	glance	suggests	that	we	could	improve	the	rule	by	lowering	the	weightthreshold	to	100kg.	This	gets	six	of	nine	examples	correct.	The	heavy	animals	are	nowpredicted	correctly;
the	lighter	animals	are	only	partly	correct.So,	a	second	decision	can	be	constructed	to	further	refine	the	prediction	for	exampleswith	weights	less	than	100kg.	It	would	be	good	to	pick	a	feature	that	changes	some	ofthe	incorrect	Yes	predictions	to	No.	For	example,	there	is	one	small	green	animal,sounding	suspiciously	like	a	snake,	that	the	robot	could
predict	correctly	by	decidingon	color,	as	shown	in	Figure	4-3.Figure	4-3.	Robot’s	next	decision	tree70	|	Chapter	4:	Predicting	Forest	Cover	with	Decision	TreesNow,	seven	of	nine	examples	are	correct.	Of	course,	decision	rules	could	be	addeduntil	all	nine	were	correctly	predicted.	The	logic	embodied	in	the	resulting	decisiontree	would	probably	sound
implausible	when	translated	into	common	speech:	“If	theanimal’s	weight	is	less	than	100kg,	and	its	color	is	brown	instead	of	green,	and	it	hasfewer	than	10	legs,	then	yes	it	is	a	suitable	pet.”	While	perfectly	fitting	the	given	exam‐ples,	a	decision	tree	like	this	would	fail	to	predict	that	a	small,	brown,	four-leggedwolverine	is	not	a	suitable	pet.	Some
balance	is	needed	to	avoid	this	phenomenon,known	as	overfitting.This	is	enough	of	an	introduction	to	decision	trees	for	us	to	begin	using	them	withSpark.	The	remainder	of	the	chapter	will	explore	how	to	pick	decision	rules,	how	toknow	when	to	stop,	and	how	to	gain	accuracy	by	creating	a	forest	of	trees.Covtype	Data	SetThe	data	set	used	in	this
chapter	is	the	well-known	Covtype	data	set,	available	onlineas	a	compressed	CSV-format	data	file,	covtype.data.gz,	and	accompanying	info	file,covtype.info.The	data	set	records	the	types	of	forest-covering	parcels	of	land	in	Colorado,	USA.	It’sonly	a	coincidence	that	the	data	set	concerns	real-world	forests!	Each	example	con‐tains	several	features
describing	each	parcel	of	land—like	its	elevation,	slope,	distanceto	water,	shade,	and	soil	type—along	with	the	known	forest	type	covering	the	land.The	forest	cover	type	is	to	be	predicted	from	the	rest	of	the	features,	of	which	thereare	54	in	total.This	data	set	has	been	used	in	research	and	even	a	Kaggle	competition.	It	is	an	inter‐esting	data	set	to
explore	in	this	chapter	because	it	contains	both	categorical	andnumeric	features.	There	are	581,012	examples	in	the	data	set,	which	does	not	exactlyqualify	as	big	data	but	is	large	enough	to	be	manageable	as	an	example	and	still	high‐light	some	issues	of	scale.Preparing	the	DataThankfully,	the	data	is	already	in	a	simple	CSV	format	and	does	not
require	muchcleansing	or	other	preparation	to	be	used	with	Spark	MLlib.	Later,	it	will	be	of	interestto	explore	some	transformations	of	the	data,	but	it	can	be	used	as	is	to	start.The	covtype.data	file	should	be	extracted	and	copied	into	HDFS.	This	chapter	willassume	that	the	file	is	available	at	/user/ds/.	Start	spark-shell.	You	may	again	find	ithelpful	to
give	the	shell	a	healthy	amount	of	memory	to	work	with,	as	building	deci‐sion	forests	can	be	resource-intensive.	If	you	have	the	memory,	specify	--driver-memory	8g	or	similar.	Covtype	Data	Set	|	71CSV	files	contain	fundamentally	tabular	data,	organized	into	rows	of	columns.	Some‐times	these	columns	are	given	names	in	a	header	line,	although	that’s
not	the	casehere.	The	column	names	are	given	in	the	companion	file,	covtype.info.	Conceptually,each	column	of	a	CSV	file	has	a	type	as	well—a	number,	a	string—but	a	CSV	filedoesn’t	specify	this.It’s	natural	to	parse	this	data	as	a	data	frame	because	this	is	Spark’s	abstraction	for	tab‐ular	data,	with	a	defined	column	schema,	including	column	names
and	types.	Sparkhas	built-in	support	for	reading	CSV	data,	in	fact:	val	dataWithoutHeader	=	spark.read.	option("inferSchema",	true).	option("header",	false).	csv("hdfs:///user/ds/covtype.data")	...	org.apache.spark.sql.DataFrame	=	[_c0:	int,	_c1:	int	...	53	more	fields]This	code	reads	the	input	as	CSV	and	does	not	attempt	to	parse	the	first	line	as
aheader	of	column	names.	It	also	requests	that	the	type	of	each	column	be	inferred	byexamining	the	data.	It	correctly	infers	that	all	of	the	columns	are	numbers,	and	morespecifically,	integers.	Unfortunately	it	can	only	name	the	columns	“_c0”	and	so	on.Looking	at	the	column	names,	it’s	clear	that	some	features	are	indeed	numeric.	“Ele‐vation”	is	an
elevation	in	meters;	“Slope”	is	measured	in	degrees.	However,	“Wilder‐ness_Area”	is	something	different,	because	it	is	said	to	span	four	columns,	each	ofwhich	is	a	0	or	1.	In	reality,	“Wilderness_Area”	is	a	categorical	value,	not	a	numericone.These	four	columns	are	actually	a	one-hot	or	1-of-n	encoding,	in	which	one	categori‐cal	feature	that	takes	on	N
distinct	values	becomes	N	numeric	features,	each	taking	onthe	value	0	or	1.	Exactly	one	of	the	N	values	has	value	1,	and	the	others	are	0.	Forexample,	a	categorical	feature	for	weather	that	can	be	cloudy,	rainy,	or	clear	wouldbecome	three	numeric	features,	where	cloudy	is	represented	by	1,0,0;	rainy	by0,1,0;	and	so	on.	These	three	numeric	features
might	be	thought	of	as	is_cloudy,is_rainy,	and	is_clear	features.	Likewise,	40	of	the	columns	are	really	oneSoil_Type	categorical	feature.This	isn’t	the	only	possible	way	to	encode	a	categorical	feature	as	a	number.	Anotherpossible	encoding	simply	assigns	a	distinct	numeric	value	to	each	possible	value	ofthe	categorical	feature.	For	example,	cloudy
may	become	1.0,	rainy	2.0,	and	so	on.The	target	itself,	“Cover_Type”,	is	a	categorical	value	encoded	as	a	value	1	to	7.72	|	Chapter	4:	Predicting	Forest	Cover	with	Decision	TreesBe	careful	when	encoding	a	categorical	feature	as	a	single	numeric	feature.	The	original	categorical	values	have	no	ordering,	but	when	encoded	as	a	number,	they	appear	to.
Treating	the	encoded	feature	as	numeric	leads	to	meaningless	results	because	the	algorithm	is	effectively	pretending	that	rainy	is	somehow	greater	than,	and	two	times	larger	than,	cloudy.	It’s	OK	as	long	as	the	encoding’s	numeric	value	is	not	used	as	a	number.So	we	see	both	types	of	encodings	of	categorical	features.	It	would	have,	perhaps,
beensimpler	and	more	straightforward	to	not	encode	such	features	(and	in	two	ways,	noless),	and	instead	simply	include	their	values	directly	like	“Rawah	Wilderness	Area.”This	may	be	an	artifact	of	history;	the	data	set	was	released	in	1998.	For	performancereasons	or	to	match	the	format	expected	by	libraries	of	the	day,	which	were	builtmore	for
regression	problems,	data	sets	often	contain	data	encoded	in	these	ways.In	any	event,	before	proceeding,	it	is	useful	to	add	column	names	to	this	DataFramein	order	to	make	it	easier	to	work	with:	val	colNames	=	Seq(	"Elevation",	"Aspect",	"Slope",	"Horizontal_Distance_To_Hydrology",	"Vertical_Distance_To_Hydrology",
"Horizontal_Distance_To_Roadways",	"Hillshade_9am",	"Hillshade_Noon",	"Hillshade_3pm",	"Horizontal_Distance_To_Fire_Points"	)	++	(	(0	until	4).map(i	=>	s"Wilderness_Area_$i")	)	++	(	(0	until	40).map(i	=>	s"Soil_Type_$i")	)	++	Seq("Cover_Type")	val	data	=	dataWithoutHeader.toDF(colNames:_*).	withColumn("Cover_Type",
$"Cover_Type".cast("double"))	data.head	...	org.apache.spark.sql.Row	=	[2596,51,3,258,0,510,221,232,148,6279,1,0,0,0,...	++	concatenates	collectionsThe	wilderness-	and	soil-related	columns	are	named	“Wilderness_Area_0”,“Soil_Type_0”,	and	a	bit	of	Scala	can	generate	these	44	names	without	having	to	typethem	all	out.	Finally,	the	target
“Cover_Type”	column	is	cast	to	a	double	valueupfront,	because	it	will	actually	be	necessary	to	consume	it	as	a	double	rather	thanint	in	all	Spark	MLlib	APIs.	This	will	become	apparent	later.You	can	call	data.show()	to	see	some	rows	of	the	data	set,	but	the	display	is	so	widethat	it	will	be	difficult	to	read	at	all.	data.head	displays	it	as	a	raw	Row	object,
whichwill	be	more	readable	in	this	case.	Preparing	the	Data	|	73A	First	Decision	TreeIn	Chapter	3,	we	built	a	recommender	model	right	away	on	all	of	the	available	data.This	created	a	recommender	that	could	be	sense-checked	by	anyone	with	someknowledge	of	music:	looking	at	a	user’s	listening	habits	and	recommendations,	we	gotsome	sense	that
it	was	producing	good	results.	Here,	that	is	not	possible.	We	wouldhave	no	idea	how	to	make	up	a	new	54-feature	description	of	a	new	parcel	of	land	inColorado	or	what	kind	of	forest	cover	to	expect	from	such	a	parcel.Instead,	we	must	jump	straight	to	holding	out	some	data	for	purposes	of	evaluatingthe	resulting	model.	Before,	the	AUC	metric	was
used	to	assess	the	agreementbetween	held-out	listening	data	and	predictions	from	recommendations.	The	princi‐ple	is	the	same	here,	although	the	evaluation	metric	will	be	different:	accuracy.	Themajority—90%—of	the	data	will	again	be	used	for	training,	and	later,	we’ll	see	that	asubset	of	this	training	set	will	be	held	out	for	cross-validation	(the	CV
set).	The	other10%	held	out	here	is	actually	a	third	subset,	a	proper	test	set.	val	Array(trainData,	testData)	=	data.randomSplit(Array(0.9,	0.1))	trainData.cache()	testData.cache()The	data	needs	a	little	more	preparation	to	be	used	with	a	classifier	in	Spark	MLlib.The	input	DataFrame	contains	many	columns,	each	holding	one	feature	that	could	beused
to	predict	the	target	column.	Spark	MLlib	requires	all	of	the	inputs	to	be	collec‐ted	into	one	column,	whose	value	is	a	vector.	This	class	is	an	abstraction	for	vectors	inthe	linear	algebra	sense,	and	contains	only	numbers.	For	most	intents	and	purposes,they	work	like	a	simple	array	of	double	values	(floating-point	numbers).	Of	course,some	of	the	input
features	are	conceptually	categorical,	even	if	they’re	all	representedwith	numbers	in	the	input.	For	now,	we’ll	overlook	this	point	and	return	to	it	later.Fortunately,	the	VectorAssembler	class	can	do	this	work:	import	org.apache.spark.ml.feature.VectorAssemblerval	inputCols	=	trainData.columns.filter(_	!=	"Cover_Type")val	assembler	=	new
VectorAssembler().	setInputCols(inputCols).	setOutputCol("featureVector")val	assembledTrainData	=	assembler.transform(trainData)assembledTrainData.select("featureVector").show(truncate	=	false)...+-------------------------------------------------------------------	...|featureVector	...+-------------------------------------------------------------------	...|(54,[0,1,2,3,4,5,6,7,8,9,13,15],
[1863.0,37.0,17.0,120.0,18.0,90.0,2	...|(54,[0,1,2,5,6,7,8,9,13,18],[1874.0,18.0,14.0,90.0,208.0,209.0,135.	...74	|	Chapter	4:	Predicting	Forest	Cover	with	Decision	Trees|(54,[0,1,2,3,4,5,6,7,8,9,13,18],[1879.0,28.0,19.0,30.0,12.0,95.0,20	...	...Its	key	parameters	are	the	columns	to	combine	into	the	feature	vector,	and	the	nameof	the	new	column
containing	the	feature	vector.	Here,	all	columns—except—the	tar‐get,	of	course—are	included	as	input	features.	The	resulting	DataFrame	has	a	new“featureVector”	column,	as	shown.The	output	doesn’t	look	exactly	like	a	sequence	of	numbers,	but	that’s	because	thisshows	a	raw	representation	of	the	vector,	represented	as	a	SparseVector	instance
tosave	storage.	Because	most	of	the	54	values	are	0,	it	only	stores	nonzero	values	andtheir	indices.	This	detail	won’t	matter	in	classification.VectorAssembler	is	an	example	of	Transformer	within	the	current	Spark	MLlib“Pipelines”	API.	It	transforms	another	DataFrame	into	a	DataFrame,	and	is	composa‐ble	with	other	transformations	into	a	pipeline.
Later	in	this	chapter,	these	transforma‐tions	will	be	connected	into	an	actual	Pipeline.	Here,	the	transformation	is	justinvoked	directly,	which	is	sufficient	to	build	a	first	decision	tree	classifier	model.	import	org.apache.spark.ml.classification.DecisionTreeClassifier	import	scala.util.Random	val	classifier	=	new	DecisionTreeClassifier().
setSeed(Random.nextLong()).	setLabelCol("Cover_Type").	setFeaturesCol("featureVector").	setPredictionCol("prediction")	val	model	=	classifier.fit(assembledTrainData)	println(model.toDebugString)	...	DecisionTreeClassificationModel	(uid=dtc_29cfe1281b30)	of	depth	5	with	63	nodes	If	(feature	0	=	value;	and	for	categorical	features,	they	are	of	the
formfeature	in	(value1,	value2,	…).	So,	the	set	of	decision	rules	to	try	is	really	a	set	of80	|	Chapter	4:	Predicting	Forest	Cover	with	Decision	Treesvalues	to	plug	in	to	the	decision	rule.	These	are	referred	to	as	“bins”	in	the	SparkMLlib	implementation.	A	larger	number	of	bins	requires	more	processing	time	butmight	lead	to	finding	a	more	optimal
decision	rule.What	makes	a	decision	rule	good?	Intuitively,	a	good	rule	would	meaningfully	distin‐guish	examples	by	target	category	value.	For	example,	a	rule	that	divides	the	Covtypedata	set	into	examples	with	only	categories	1–3	on	the	one	hand	and	4–7	on	the	otherwould	be	excellent	because	it	clearly	separates	some	categories	from	others.	A
rulethat	resulted	in	about	the	same	mix	of	all	categories	as	are	found	in	the	whole	data	setdoesn’t	seem	helpful.	Following	either	branch	of	such	a	decision	leads	to	about	thesame	distribution	of	possible	target	values,	and	so	doesn’t	really	make	progresstoward	a	confident	classification.Put	another	way,	good	rules	divide	the	training	data’s	target
values	into	relativelyhomogeneous,	or	“pure,”	subsets.	Picking	a	best	rule	means	minimizing	the	impurityof	the	two	subsets	it	induces.	There	are	two	commonly	used	measures	of	impurity:Gini	impurity	and	entropy.Gini	impurity	is	directly	related	to	the	accuracy	of	the	random-guess	classifier.Within	a	subset,	it	is	the	probability	that	a	randomly
chosen	classification	of	a	ran‐domly	chosen	example	(both	according	to	the	distribution	of	classes	in	the	subset)	isincorrect.	This	is	the	sum	of	products	of	proportions	of	classes,	but	with	themselvesoanf	dclassusbit,rtahcetenditfsroGmini1.imIfpaursiutbysiestghivaesnNincltahseseGsianni	dimppi	uisritthyeepqruoaptioornti:on	of	examples∑IG	p	=	1	−	i
N	1	pi2	=If	the	subset	contains	only	one	class,	this	value	is	0	because	it	is	completely	“pure.”When	there	are	N	classes	in	the	subset,	this	value	is	larger	than	0	and	is	largest	whenthe	classes	occur	the	same	number	of	times—maximally	impure.Entropy	is	another	measure	of	impurity,	borrowed	from	information	theory.	Itsnature	is	more	difficult	to
explain,	but	it	captures	how	much	uncertainty	the	collec‐tion	of	target	values	in	the	subset	implies	about	predictions	for	data	that	falls	in	thatsubset.	A	subset	containing	one	class	suggests	that	the	outcome	for	the	subset	is	com‐pletely	certain	and	has	0	entropy—no	uncertainty.	A	subset	containing	one	of	eachpossible	class,	on	the	other	hand,
suggests	a	lot	of	uncertainty	about	predictions	forthat	subset	because	data	have	been	observed	with	all	kinds	of	target	values.	This	hashigh	entropy.	Hence,	low	entropy,	like	low	Gini	impurity,	is	a	good	thing.	Entropy	isdefined	by	the	entropy	equation:IE	p	=	i	∑N	pi	log	1	=	−	i	∑N	pi	log	pi	p	=1	=1	Decision	Tree	Hyperparameters	|	81Interestingly,
uncertainty	has	units.	Because	the	logarithm	is	the	natural	log	(base	e),	the	units	are	nats,	the	base-e	counterpart	to	more	familiar	bits	(which	we	can	obtain	by	using	log	base	2	instead).	It	really	is	measuring	information,	so	it’s	also	common	to	talk	about	the	information	gain	of	a	decision	rule	when	using	entropy	with	decision	trees.One	or	the	other
measure	may	be	a	better	metric	for	picking	decision	rules	in	a	givendata	set.	They	are,	in	a	way,	similar.	Both	involve	a	weighted	average:	a	sum	over	val‐ues	weighted	by	pi.	The	default	in	Spark’s	implementation	is	Gini	impurity.Finally,	minimum	information	gain	is	a	hyperparameter	that	imposes	a	minimuminformation	gain,	or	decrease	in	impurity,
for	candidate	decision	rules.	Rules	that	donot	improve	the	subsets	impurity	enough	are	rejected.	Like	a	lower	maximum	depth,this	can	help	the	model	resist	overfitting	because	decisions	that	barely	help	divide	thetraining	input	may	in	fact	not	helpfully	divide	future	data	at	all.Tuning	Decision	TreesIt’s	not	obvious	from	looking	at	the	data	which
impurity	measure	leads	to	better	accu‐racy,	or	what	maximum	depth	or	number	of	bins	is	enough	without	being	excessive.Fortunately,	as	in	Chapter	3,	it’s	simple	to	let	Spark	try	a	number	of	combinations	ofthese	values	and	report	the	results.First,	it’s	necessary	to	set	up	a	pipeline	encapsulating	the	same	two	steps	above.	Creat‐ing	the
VectorAssembler	and	DecisionTreeClassifier	and	chaining	these	twoTransformers	together	results	in	a	single	Pipeline	object	that	represents	these	twooperations	together	as	one	operation:	import	org.apache.spark.ml.Pipeline	val	inputCols	=	trainData.columns.filter(_	!=	"Cover_Type")	val	assembler	=	new	VectorAssembler().	setInputCols(inputCols).
setOutputCol("featureVector")	val	classifier	=	new	DecisionTreeClassifier().	setSeed(Random.nextLong()).	setLabelCol("Cover_Type").	setFeaturesCol("featureVector").	setPredictionCol("prediction")	val	pipeline	=	new	Pipeline().setStages(Array(assembler,	classifier))Naturally,	pipelines	can	be	much	longer	and	more	complex.	This	is	about	as	simple
asit	gets.	Now	we	can	also	define	the	combinations	of	hyperparameters	that	should	betested	using	the	Spark	ML	API’s	built-in	support,	ParamGridBuilder.	It’s	also	time	to82	|	Chapter	4:	Predicting	Forest	Cover	with	Decision	Treesdefine	the	evaluation	metric	that	will	be	used	to	pick	the	“best”	hyperparameters,	andthat	is	again
MulticlassClassificationEvaluator	here.	import	org.apache.spark.ml.tuning.ParamGridBuilder	val	paramGrid	=	new	ParamGridBuilder().	addGrid(classifier.impurity,	Seq("gini",	"entropy")).	addGrid(classifier.maxDepth,	Seq(1,	20)).	addGrid(classifier.maxBins,	Seq(40,	300)).	addGrid(classifier.minInfoGain,	Seq(0.0,	0.05)).	build()	val	multiclassEval	=
new	MulticlassClassificationEvaluator().	setLabelCol("Cover_Type").	setPredictionCol("prediction").	setMetricName("accuracy")This	means	that	a	model	will	be	built	and	evaluated	for	two	values	of	four	hyperpara‐meters.	That’s	16	models.	They’ll	be	evaluated	by	multiclass	accuracy.	Finally,	TrainValidationSplit	brings	these	components	together—the
pipeline	that	makes	models,model	evaluation	metrics,	and	hyperparameters	to	try—and	can	run	the	evaluationon	the	training	data.	It’s	worth	noting	that	CrossValidator	could	be	used	here	as	wellto	perform	full	k-fold	cross-validation,	but	it	is	k	times	more	expensive	and	doesn’tadd	as	much	value	in	the	presence	of	big	data.	So,	TrainValidationSplit	is
usedhere.	import	org.apache.spark.ml.tuning.TrainValidationSplit	val	validator	=	new	TrainValidationSplit().	setSeed(Random.nextLong()).	setEstimator(pipeline).	setEvaluator(multiclassEval).	setEstimatorParamMaps(paramGrid).	setTrainRatio(0.9)	val	validatorModel	=	validator.fit(trainData)This	will	take	minutes	or	more,	depending	on	your
hardware,	because	it’s	buildingand	evaluating	many	models.	Note	the	train	ratio	parameter	is	set	to	0.9.	This	meansthat	the	training	data	is	actually	further	subdivided	by	TrainValidationSplit	into90%/10%	subsets.	The	former	is	used	for	training	each	model.	The	remaining	10%	ofthe	input	is	held	out	as	a	cross-validation	set	to	evaluate	the	model.	If
it’s	alreadyholding	out	some	data	for	evaluation,	then	why	did	we	hold	out	10%	of	the	originaldata	as	a	test	set?If	the	purpose	of	the	CV	set	was	to	evaluate	parameters	that	fit	to	the	training	set,	thenthe	purpose	of	the	test	set	is	to	evaluate	hyperparameters	that	were	“fit”	to	the	CV	set.That	is,	the	test	set	ensures	an	unbiased	estimate	of	the	accuracy
of	the	final,	chosenmodel	and	its	hyperparameters.	Tuning	Decision	Trees	|	83Say	that	the	best	model	chosen	by	this	process	exhibits	90%	accuracy	on	the	CV	set.	Itseems	reasonable	to	expect	it	will	exhibit	90%	accuracy	on	future	data.	However,there’s	an	element	of	randomness	in	how	these	models	are	built.	By	chance,	thismodel	and	evaluation
could	have	turned	out	unusually	well.	The	top	model	and	eval‐uation	result	could	have	benefited	from	a	bit	of	luck,	so	its	accuracy	estimate	is	likelyto	be	slightly	optimistic.	Put	another	way,	hyperparameters	can	overfit	too.To	really	assess	how	well	this	best	model	is	likely	to	perform	on	future	examples,	weneed	to	evaluate	it	on	examples	that	were
not	used	to	train	it.	But	we	also	need	toavoid	examples	in	the	CV	set	that	were	used	to	evaluate	it.	That	is	why	a	third	subset,the	test	set,	was	held	out.The	result	of	the	validator	contains	the	best	model	it	found.	This	itself	is	a	representa‐tion	of	the	best	overall	pipeline	it	found,	because	we	provided	an	instance	of	a	pipelineto	run.	In	order	to	query	the
parameters	chosen	by	DecisionTreeClassifier,	it’snecessary	to	manually	extract	DecisionTreeClassificationModel	from	the	resultingPipelineModel,	which	is	the	final	stage	in	the	pipeline.	import	org.apache.spark.ml.PipelineModel	val	bestModel	=	validatorModel.bestModel	bestModel.asInstanceOf[PipelineModel].stages.last.extractParamMap	...	{
dtc_9136220619b4-cacheNodeIds:	false,	dtc_9136220619b4-checkpointInterval:	10,	dtc_9136220619b4-featuresCol:	featureVector,	dtc_9136220619b4-impurity:	entropy,	dtc_9136220619b4-labelCol:	Cover_Type,	dtc_9136220619b4-maxBins:	40,	dtc_9136220619b4-maxDepth:	20,	dtc_9136220619b4-maxMemoryInMB:	256,	dtc_9136220619b4-
minInfoGain:	0.0,	dtc_9136220619b4-minInstancesPerNode:	1,	dtc_9136220619b4-predictionCol:	prediction,	dtc_9136220619b4-probabilityCol:	probability,	dtc_9136220619b4-rawPredictionCol:	rawPrediction,	dtc_9136220619b4-seed:	159147643	}This	contains	a	lot	of	information	about	the	fitted	model,	but	it	also	tells	us	that“entropy”	apparently
worked	best	as	the	impurity	measure	and	that	a	max	depth	of	20was	not	surprisingly	better	than	1.	It	might	be	surprising	that	the	best	model	was	fitwith	just	40	bins,	but	this	is	probably	a	sign	that	40	was	“plenty”	rather	than	“better”than	300.	Lastly,	no	minimum	information	gain	was	better	than	a	small	minimum,which	could	imply	that	the	model	is
more	prone	to	underfit	than	overfit.84	|	Chapter	4:	Predicting	Forest	Cover	with	Decision	TreesYou	may	wonder	if	it	is	possible	to	see	the	accuracy	that	each	of	the	models	achievedfor	each	combination	of	hyperparameters.	The	hyperparameters	as	well	as	the	evalua‐tions	are	exposed	by	getEstimatorParamMaps	and	validationMetrics,
respectively.They	can	be	combined	to	display	all	of	the	parameter	combinations	sorted	by	metricvalue:	val	validatorModel	=	validator.fit(trainData)	val	paramsAndMetrics	=	validatorModel.validationMetrics.	zip(validatorModel.getEstimatorParamMaps).sortBy(-_._1)	paramsAndMetrics.foreach	{	case	(metric,	params)	=>	println(metric)
println(params)	println()	}	...	0.9138483377774368	{	dtc_3e3b8bb692d1-impurity:	entropy,	dtc_3e3b8bb692d1-maxBins:	40,	dtc_3e3b8bb692d1-maxDepth:	20,	dtc_3e3b8bb692d1-minInfoGain:	0.0	}	0.9122369506416774	{	dtc_3e3b8bb692d1-impurity:	entropy,	dtc_3e3b8bb692d1-maxBins:	300,	dtc_3e3b8bb692d1-maxDepth:	20,	dtc_3e3b8bb692d1-
minInfoGain:	0.0	}	...What	was	the	accuracy	that	this	model	achieved	on	the	CV	set?	And	finally,	whataccuracy	does	the	model	achieve	on	the	test	set?	validatorModel.validationMetrics.max	multiclassEval.evaluate(bestModel.transform(testData))	...	0.9138483377774368	0.9139978718291971	bestModel	is	a	complete	pipeline.The	results	are	both
about	91%.	It	happens	that	the	estimate	from	the	CV	set	waspretty	fine	to	begin	with.	In	fact,	it	is	not	usual	for	the	test	set	to	show	a	very	differentresult.	Tuning	Decision	Trees	|	85This	is	an	interesting	point	at	which	to	revisit	the	issue	of	overfitting.	As	discussedpreviously,	it’s	possible	to	build	a	decision	tree	so	deep	and	elaborate	that	it	fits
thegiven	training	examples	very	well	or	perfectly	but	fails	to	generalize	to	other	examplesbecause	it	has	fit	the	idiosyncrasies	and	noise	of	the	training	data	too	closely.	This	is	aproblem	common	to	most	machine	learning	algorithms,	not	just	decision	trees.When	a	decision	tree	has	overfit,	it	will	exhibit	high	accuracy	when	run	on	the	sametraining	data
that	it	fit	the	model	to,	but	low	accuracy	on	other	examples.	Here,	thefinal	model’s	accuracy	was	about	91%	on	other,	new	examples.	Accuracy	can	just	aseasily	be	evaluated	over	the	same	data	that	the	model	was	trained	on,	trainData.	Thisgives	an	accuracy	of	about	95%.The	difference	is	not	large	but	suggests	that	the	decision	tree	has	overfit	the
trainingdata	to	some	extent.	A	lower	maximum	depth	might	be	a	better	choice.Categorical	Features	RevisitedSo	far,	the	code	examples	have	implicitly	treated	all	input	features	as	if	they’renumeric	(though	“Cover_Type”,	despite	being	encoded	as	numeric,	has	actually	beencorrectly	treated	as	a	categorical	value.)	This	isn’t	exactly	wrong,	because	the
categori‐cal	features	here	are	one-hot	encoded	as	several	binary	0/1	values.	Treating	theseindividual	features	as	numeric	turns	out	to	be	fine,	because	any	decision	rule	on	the“numeric”	features	will	choose	thresholds	between	0	and	1,	and	all	are	equivalentsince	all	values	are	0	or	1.Of	course,	this	encoding	forces	the	decision	tree	algorithm	to
consider	the	values	ofthe	underlying	categorical	features	individually.	Because	features	like	soil	type	arebroken	down	into	many	features,	and	because	decision	trees	treat	features	individu‐ally,	it	is	harder	to	relate	information	about	related	soil	types.For	example,	nine	different	soil	types	are	actually	part	of	the	Leighcan	family,	andthey	may	be
related	in	ways	that	the	decision	tree	can	exploit.	If	soil	type	were	enco‐ded	as	a	single	categorical	feature	with	40	soil	values,	then	the	tree	could	express	ruleslike	“if	the	soil	type	is	one	of	the	nine	Leighton	family	types”	directly.	However,	whenencoded	as	40	features,	the	tree	would	have	to	learn	a	sequence	of	nine	decisions	onsoil	type	to	do	the
same,	this	expressiveness	may	lead	to	better	decisions	and	moreefficient	trees.However,	having	40	numeric	features	represent	one	40-valued	categorical	featureincreases	memory	usage	and	slows	things	down.What	about	undoing	the	one-hot	encoding?	This	would	replace,	for	example,	thefour	columns	encoding	wilderness	type	with	one	column	that
encodes	the	wildernesstype	as	a	number	between	0	and	3,	like	“Cover_Type”.86	|	Chapter	4:	Predicting	Forest	Cover	with	Decision	Trees	www.allitebooks.com
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