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Preface
Recommendation	systems	are	at	the	heart	of	almost	every	internet	business
today,	from	Facebook	to	Netflix	to	Amazon.	Providing	good	recommendations,
whether	it's	friends,	movies,	or	groceries,	goes	a	long	way	in	defining	user
experience	and	enticing	your	customers	to	use	and	buy	from	your	platform.

This	book	shows	you	how	to	do	just	that.	You	will	learn	about	different	kinds	of
recommenders	used	in	the	industry	and	see	how	to	build	them	from	scratch	using
Python.	No	need	to	wade	through	tons	of	linear	algebra	and	machine	learning
theory,	you'll	get	started	with	building	and	learning	about	recommenders	as
quickly	as	possible.

In	this	book,	you	will	build	an	IMDB	Top	250	clone,	a	content-based	engine	that
works	on	movie	metadata,	collaborative	filters	that	make	use	of	customer
behavior	data,	and	a	hybrid	recommender	that	incorporates	content-based	and
collaborative	filtering	techniques.

With	this	book,	all	you	need	to	get	started	with	building	recommendation
systems	is	familiarity	with	Python,	and	by	the	time	you're	finished,	you	will	have
a	great	grasp	of	how	recommenders	work,	and	you	will	be	in	a	strong	position	to
apply	the	techniques	learned	to	your	own	problem	domains.



Who	this	book	is	for
If	you	are	a	Python	developer	and	want	to	develop	applications	for	social
networking,	news	personalization,	or	smart	advertising,	this	is	the	book	for	you.
Basic	knowledge	of	machine	learning	techniques	will	be	helpful,	but	it's	not
mandatory.



What	this	book	covers
Chapter	1,	Getting	Started	with	Recommender	Systems,	introduces	the
recommendation	problem	and	the	models	popularly	used	to	solve	it.

Chapter	2,	Manipulating	Data	with	the	Pandas	Library,	illustrates	various	data
wrangling	techniques	using	the	Pandas	library.

Chapter	3,	Building	an	IMDB	Top	250	Clone	with	Pandas,	walks	through	the
process	of	building	a	top	movies	chart	and	a	knowledge-based	recommender	that
explicitly	takes	in	user	preferences.

	

Chapter	4,	Building	Content-Based	Recommenders,	describes	the	process	of
building	models	that	make	use	of	movie	plot	lines	and	other	metadata	to	offer
recommendations.

Chapter	5,	Getting	Started	with	Data	Mining	Techniques,	covers	various	similarity
scores,	machine	learning	techniques,	and	evaluation	metrics	used	to	build	and
gauge	performances	of	collaborative	recommender	models.

Chapter	6,	Building	Collaborative	Filters,	walks	through	the	building	of	various
collaborative	filters	that	leverage	user	rating	data	to	offer	recommendations.

Chapter	7,	Hybrid	Recommenders,	outlines	various	kinds	of	hybrid	recommenders
used	in	practice	and	walks	you	through	the	process	of	building	a	model	that
incorporates	both	content	and	collaborative-based	filtering.



To	get	the	most	out	of	this	book
This	book	will	give	you	maximum	benefit	if	you	have	some	experience	with
Python	development,	or	simply	someone	who	wants	to	develop	applications	for
social	networking,	news	personalization,	or	smart	advertising,	this	is	the	book
for	you.	Having	some	knowledge	of	machine	learning	(ML)	techniques	will	be
helpful,	but	it	is	not	mandatory.

	



Download	the	example	code	files
You	can	download	the	example	code	files	for	this	book	from	your	account	at	www.
packtpub.com.	If	you	purchased	this	book	elsewhere,	you	can	visit	www.packtpub.com/su
pport	and	register	to	have	the	files	emailed	directly	to	you.

You	can	download	the	code	files	by	following	these	steps:

1.	 Log	in	or	register	at	www.packtpub.com.
2.	 Select	the	SUPPORT	tab.
3.	 Click	on	Code	Downloads	&	Errata.
4.	 Enter	the	name	of	the	book	in	the	Search	box	and	follow	the	onscreen

instructions.

Once	the	file	is	downloaded,	please	make	sure	that	you	unzip	or	extract	the
folder	using	the	latest	version	of:

WinRAR/7-Zip	for	Windows
Zipeg/iZip/UnRarX	for	Mac
7-Zip/PeaZip	for	Linux

The	code	bundle	for	the	book	is	also	hosted	on	GitHub	at	https://github.com/PacktPu
blishing/Hands-On-Recommendation-Systems-with-Python.	In	case	there's	an	update	to	the
code,	it	will	be	updated	on	the	existing	GitHub	repository.

We	also	have	other	code	bundles	from	our	rich	catalog	of	books	and	videos
available	at	https://github.com/PacktPublishing/.	Check	them	out!



Download	the	color	images
We	also	provide	a	PDF	file	that	has	color	images	of	the	screenshots/diagrams
used	in	this	book.	You	can	download	it	here:	http://www.packtpub.com/sites/default/fi
les/downloads/HandsOnRecommendationSystemswithPython_ColorImages.pdf.



Code	in	action
Visit	the	following	link	to	check	out	videos	of	the	code	being	run:

http://bit.ly/2JV4oeu.



Conventions	used
There	are	a	number	of	text	conventions	used	throughout	this	book.

CodeInText:	Indicates	code	words	in	text,	database	table	names,	folder	names,
filenames,	file	extensions,	pathnames,	dummy	URLs,	user	input,	and	Twitter
handles.	Here	is	an	example:	"Let's	now	implement	the	SVD	filter	using	the
surprise	package."

A	block	of	code	is	set	as	follows:

#Import	SVD

from	surprise	import	SVD

#Define	the	SVD	algorithm	object

svd	=	SVD()

#Evaluate	the	performance	in	terms	of	RMSE

evaluate(svd,	data,	measures=['RMSE'])

When	we	wish	to	draw	your	attention	to	a	particular	part	of	a	code	block,	the
relevant	lines	or	items	are	set	in	bold:

else:

								#Default	to	a	rating	of	3.0	in	the	absence	of	any	information

								wmean_rating	=	3.0

				return	wmean_rating

score(cf_user_wmean)

OUTPUT:

1.0174483808407588

Any	command-line	input	or	output	is	written	as	follows:

sudo	pip3	install	scikit-surprise

Bold:	Indicates	a	new	term,	an	important	word,	or	words	that	you	see	onscreen.
For	example,	words	in	menus	or	dialog	boxes	appear	in	the	text	like	this.	Here	is
an	example:	"We	see	that	the	u.user	file	contains	demographic	information	about
our	users,	such	as	their	age,	sex,	occupation,	and	zip_code."

Warnings	or	important	notes	appear	like	this.

Tips	and	tricks	appear	like	this.





Get	in	touch
Feedback	from	our	readers	is	always	welcome.

General	feedback:	Email	feedback@packtpub.com	and	mention	the	book	title	in	the
subject	of	your	message.	If	you	have	questions	about	any	aspect	of	this	book,
please	email	us	at	questions@packtpub.com.

Errata:	Although	we	have	taken	every	care	to	ensure	the	accuracy	of	our
content,	mistakes	do	happen.	If	you	have	found	a	mistake	in	this	book,	we	would
be	grateful	if	you	would	report	this	to	us.	Please	visit	www.packtpub.com/submit-errata,
selecting	your	book,	clicking	on	the	Errata	Submission	Form	link,	and	entering
the	details.

Piracy:	If	you	come	across	any	illegal	copies	of	our	works	in	any	form	on	the
Internet,	we	would	be	grateful	if	you	would	provide	us	with	the	location	address
or	website	name.	Please	contact	us	at	copyright@packtpub.com	with	a	link	to	the
material.

If	you	are	interested	in	becoming	an	author:	If	there	is	a	topic	that	you	have
expertise	in	and	you	are	interested	in	either	writing	or	contributing	to	a	book,
please	visit	authors.packtpub.com.



Reviews
	

Please	leave	a	review.	Once	you	have	read	and	used	this	book,	why	not	leave	a
review	on	the	site	that	you	purchased	it	from?	Potential	readers	can	then	see	and
use	your	unbiased	opinion	to	make	purchase	decisions,	we	at	Packt	can
understand	what	you	think	about	our	products,	and	our	authors	can	see	your
feedback	on	their	book.	Thank	you!

For	more	information	about	Packt,	please	visit	packtpub.com.

	

	

	



Getting	Started	with	Recommender
Systems
	

Almost	everything	we	buy	or	consume	today	is	influenced	by	some	form	of
recommendation;	whether	that's	from	friends,	family,	external	reviews,	and,
more	recently,	from	the	sources	selling	you	the	product.	When	you	log	on	to
Netflix	or	Amazon	Prime,	for	example,	you	will	see	a	list	of	movies	and
television	shows	the	service	thinks	you	will	like	based	on	your	past	watching
(and	rating)	history.	Facebook	suggests	people	it	thinks	you	may	know	and
would	probably	like	to	add.	It	also	curates	a	News	Feed	for	you	based	on	the
posts	you've	liked,	the	people	you've	be-friended,	and	the	pages	you've	followed.
Amazon	recommends	items	to	you	as	you	browse	for	a	particular	product.	It
shows	you	similar	products	from	a	competing	source	and	suggests	auxiliary
items	frequently	bought	together	with	the	product.

So,	it	goes	without	saying	that	providing	a	good	recommendation	is	at	the	core
of	successful	business	for	these	companies.	It	is	in	Netflix's	best	interests	to
engage	you	with	content	that	you	love	so	that	you	continue	to	subscribe	to	its
service;	the	more	relevant	the	items	Amazon	shows	you,	the	greater	your
chances	–	and	volume	–	of	purchases	will	be,	which	directly	translates	to	greater
profits.	Equally,	establishing	friendship	is	key	to	Facebook's	power	and	influence
as	an	almost	omnipotent	social	network,	which	it	then	uses	to	churn	money	out
of	advertising.

In	this	introductory	chapter,	we	will	acquaint	ourselves	with	the	world	of
recommender	systems,	covering	the	following	topics:

What	is	a	recommender	system?	What	can	it	do	and	not	do?
The	different	types	of	recommender	systems

	

	



Technical	requirements
You	will	be	required	to	have	Python	installed	on	a	system.	Finally,	to	use	the	Git
repository	of	this	book,	the	user	needs	to	install	Git.

The	code	files	of	this	chapter	can	be	found	on	GitHub:
https://github.com/PacktPublishing/Hands-On-Recommendation-Systems-with-Python.

Check	out	the	following	video	to	see	the	code	in	action:	http://bit.ly/2JTtg6t.



What	is	a	recommender	system?
Recommender	systems	are	pretty	self-explanatory;	as	the	name	suggests,	they
are	systems	or	techniques	that	recommend	or	suggest	a	particular	product,
service,	or	entity.	However,	these	systems	can	be	classified	into	the	following
two	categories,	based	on	their	approach	to	providing	recommendations.



The	prediction	problem
In	this	version	of	the	problem,	we	are	given	a	matrix	of	m	users	and	n	items.
Each	row	of	the	matrix	represents	a	user	and	each	column	represents	an	item.
The	value	of	the	cell	in	the	ith	row	and	the	jth	column	denotes	the	rating	given	by
user	i	to	item	j.	This	value	is	usually	denoted	as	rij.

For	instance,	consider	the	matrix	in	the	following	screenshot:

This	matrix	has	seven	users	rating	six	items.	Therefore,	m	=	7	and	n	=	6.	User	1
has	given	the	item	1	a	rating	of	4.	Therefore,	r11	=	4.

Let	us	now	consider	a	more	concrete	example.	Imagine	you	are	Netflix	and	you
have	a	repository	of	20,000	movies	and	5,000	users.	You	have	a	system	in	place
that	records	every	rating	that	each	user	gives	to	a	particular	movie.	In	other
words,	you	have	the	rating	matrix	(of	shape	5,000	×	20,000)	with	you.

However,	all	your	users	will	have	seen	only	a	fraction	of	the	movies	you	have
available	on	your	site;	therefore,	the	matrix	you	have	is	sparse.	In	other	words,
most	of	the	entries	in	your	matrix	are	empty,	as	most	users	have	not	rated	most
of	your	movies.

The	prediction	problem,	therefore,	aims	to	predict	these	missing	values	using	all
the	information	it	has	at	its	disposal	(the	ratings	recorded,	data	on	movies,	data
on	users,	and	so	on).	If	it	is	able	to	predict	the	missing	values	accurately,	it	will



be	able	to	give	great	recommendations.	For	example,	if	user	i	has	not	used	item
j,	but	our	system	predicts	a	very	high	rating	(denoted	by	 ij),	it	is	highly	likely
that	i	will	love	j	should	they	discover	it	through	the	system.

	



The	ranking	problem
Ranking	is	the	more	intuitive	formulation	of	the	recommendation	problem.
Given	a	set	of	n	items,	the	ranking	problem	tries	to	discern	the	top	k	items	to
recommend	to	a	particular	user,	utilizing	all	of	the	information	at	its	disposal.

Imagine	you	are	Airbnb,	much	like	the	preceding	example.	Your	user	has	input
the	specific	things	they	are	looking	for	in	their	host	and	the	space	(such	as	their
location,	and	budget).	You	want	to	display	the	top	10	results	that	satisfy	those
aforementioned	conditions.	This	would	be	an	example	of	the	ranking	problem.

It	is	easy	to	see	that	the	prediction	problem	often	boils	down	to	the	ranking
problem.	If	we	are	able	to	predict	missing	values,	we	can	extract	the	top	values
and	display	them	as	our	results.

In	this	book,	we	will	look	at	both	formulations	and	build	systems	that	effectively
solve	them.



Types	of	recommender	systems
In	recommender	systems,	as	with	almost	every	other	machine	learning	problem,
the	techniques	and	models	you	use	(and	the	success	you	enjoy)	are	heavily
dependent	on	the	quantity	and	quality	of	the	data	you	possess.	In	this	section,	we
will	gain	an	overview	of	three	of	the	most	popular	types	of	recommender
systems	in	decreasing	order	of	data	they	require	to	inorder	function	efficiently.

	



Collaborative	filtering
Collaborative	filtering	leverages	the	power	of	community	to	provide
recommendations.	Collaborative	filters	are	one	of	the	most	popular
recommender	models	used	in	the	industry	and	have	found	huge	success	for
companies	such	as	Amazon.	Collaborative	filtering	can	be	broadly	classified	into
two	types.



User-based	filtering
The	main	idea	behind	user-based	filtering	is	that	if	we	are	able	to	find	users	that
have	bought	and	liked	similar	items	in	the	past,	they	are	more	likely	to	buy
similar	items	in	the	future	too.	Therefore,	these	models	recommend	items	to	a
user	that	similar	users	have	also	liked.	Amazon's	Customers	who	bought	this
item	also	bought	is	an	example	of	this	filter,	as	shown	in	the	following
screenshot:

Imagine	that	Alice	and	Bob	mostly	like	and	dislike	the	same	video	games.	Now,
imagine	that	a	new	video	game	has	been	launched	on	the	market.	Let's	say	Alice
bought	the	game	and	loved	it.	Since	we	have	discerned	that	their	tastes	in	video
games	are	extremely	similar,	it's	likely	that	Bob	will	like	the	game	too;	hence,
the	system	recommends	the	new	video	game	to	Bob.



Item-based	filtering
If	a	group	of	people	have	rated	two	items	similarly,	then	the	two	items	must	be
similar.	Therefore,	if	a	person	likes	one	particular	item,	they're	likely	to	be
interested	in	the	other	item	too.	This	is	the	principle	on	which	item-based
filtering	works.	Again,	Amazon	makes	good	use	of	this	model	by	recommending
products	to	you	based	on	your	browsing	and	purchase	history,	as	shown	in	the
following	screenshot:

Item-based	filters,	therefore,	recommend	items	based	on	the	past	ratings	of	users.
For	example,	imagine	that	Alice,	Bob,	and	Eve	have	all	given	War	and	Peace
and	The	Picture	of	Dorian	Gray	a	rating	of	excellent.	Now,	when	someone	buys
The	Brothers	Karamazov,	the	system	will	recommend	War	and	Peace	as	it	has
identified	that,	in	most	cases,	if	someone	likes	one	of	those	books,	they	will	like
the	other,	too.



Shortcomings
	

One	of	the	biggest	prerequisites	of	a	collaborative	filtering	system	is	the
availability	of	data	of	past	activity.	Amazon	is	able	to	leverage	collaborative
filters	so	well	because	it	has	access	to	data	concerning	millions	of	purchases
from	millions	of	users.

Therefore,	collaborative	filters	suffer	from	what	we	call	the	cold	start	problem.
Imagine	you	have	started	an	e-commerce	website	–	to	build	a	good	collaborative
filtering	system,	you	need	data	on	a	large	number	of	purchases	from	a	large
number	of	users.	However,	you	don't	have	either,	and	it's	therefore	difficult	to
build	such	a	system	from	the	start.

	

	

	



Content-based	systems
Unlike	collaborative	filters,	content-based	systems	do	not	require	data	relating	to
past	activity.	Instead,	they	provide	recommendations	based	on	a	user	profile	and
metadata	it	has	on	particular	items.

Netflix	is	an	excellent	example	of	the	aforementioned	system.	The	first	time	you
sign	in	to	Netflix,	it	doesn't	know	what	your	likes	and	dislikes	are,	so	it	is	not	in
a	position	to	find	users	similar	to	you	and	recommend	the	movies	and	shows
they	have	liked.

As	shown	in	the	previous	screenshot,	what	Netflix	does	instead	is	ask	you	to	rate
a	few	movies	that	you	have	watched	before.	Based	on	this	information	and	the
metadata	it	already	has	on	movies,	it	creates	a	watchlist	for	you.	For	instance,	if
you	enjoyed	the	Harry	Potter	and	Narnia	movies,	the	content-based	system	can
identify	that	you	like	movies	based	on	fantasy	novels	and	will	recommend	a



movie	such	as	Lord	of	the	Rings	to	you.

However,	since	content-based	systems	don't	leverage	the	power	of	the
community,	they	often	come	up	with	results	that	are	not	as	impressive	or
relevant	as	the	ones	offered	by	collaborative	filters.	In	other	words,	content-
based	systems	usually	provide	recommendations	that	are	obvious.	There	is	little
novelty	in	a	Lord	of	the	Rings	recommendation	if	Harry	Potter	is	your	favorite
movie.



Knowledge-based	recommenders

Knowledge-based	recommenders	are	used	for	items	that	are	very	rarely	bought.
It	is	simply	impossible	to	recommend	such	items	based	on	past	purchasing
activity	or	by	building	a	user	profile.	Take	real	estate,	for	instance.	Real	estate	is
usually	a	once-in-a-lifetime	purchase	for	a	family.	It	is	not	possible	to	have	a
history	of	real	estate	purchases	for	existing	users	to	leverage	into	a	collaborative
filter,	nor	is	it	always	feasible	to	ask	a	user	their	real	estate	purchase	history.

In	such	cases,	you	build	a	system	that	asks	for	certain	specifics	and	preferences
and	then	provides	recommendations	that	satisfy	those	aforementioned
conditions.	In	the	real	estate	example,	for	instance,	you	could	ask	the	user	about
their	requirements	for	a	house,	such	as	its	locality,	their	budget,	the	number	of
rooms,	and	the	number	of	storeys,	and	so	on.	Based	on	this	information,	you	can
then	recommend	properties	that	will	satisfy	all	of	the	above	conditions.

Knowledge-based	recommenders	also	suffer	from	the	problem	of	low	novelty,
however.	Users	know	full-well	what	to	expect	from	the	results	and	are	seldom
taken	by	surprise.



Hybrid	recommenders
As	the	name	suggests,	hybrid	recommenders	are	robust	systems	that	combine
various	types	of	recommender	models,	including	the	ones	we've	already
explained.	As	we've	seen	in	previous	sections,	each	model	has	its	own	set	of
advantages	and	disadvantages.	Hybrid	systems	try	to	nullify	the	disadvantage	of
one	model	against	an	advantage	of	another.

Let's	consider	the	Netflix	example	again.	When	you	sign	in	for	the	first	time,
Netflix	overcomes	the	cold	start	problem	of	collaborative	filters	by	using	a
content-based	recommender,	and,	as	you	gradually	start	watching	and	rating
movies,	it	brings	its	collaborative	filtering	mechanism	into	play.	This	is	far	more
successful,	so	most	practical	recommender	systems	are	hybrid	in	nature.

In	this	book,	we	will	build	a	recommender	system	of	each	type	and	will	examine
all	of	the	advantages	and	shortcomings	described	in	the	previous	sections.



Summary
	

In	this	chapter,	we	gained	an	overview	of	the	world	of	recommender	systems.
We	saw	two	approaches	to	solving	the	recommendation	problem;	namely,
prediction	and	ranking.	Finally,	we	examined	the	various	types	of	recommender
systems	and	discussed	their	advantages	and	disadvantages.

In	the	next	chapter,	we	will	learn	to	process	data	with	pandas,	the	data	analysis
library	of	choice	in	Python.	This,	in	turn,	will	aid	us	in	building	the	various
recommender	systems	we've	introduced.

	

	

	



Manipulating	Data	with	the	Pandas
Library
In	the	next	few	portions	of	the	book,	we	are	going	to	get	our	hands	dirty	by
building	the	various	kinds	of	recommender	systems	that	were	introduced	in
chapter	one.	However,	before	we	do	so,	it	is	important	that	we	know	how	to
handle,	manipulate,	and	analyze	data	efficiently	in	Python.

The	datasets	we'll	be	working	with	will	be	several	megabytes	in	size.
Historically,	Python	has	never	been	well-known	for	its	speed	of	execution.
Therefore,	analyzing	such	huge	amounts	of	data	using	vanilla	Python	and	the
built-in	data	structures	it	provides	us	is	simply	impossible.

In	this	chapter,	we're	going	to	get	ourselves	acquainted	with	the	pandas	library,
which	aims	to	overcome	the	aforementioned	limitations,	making	data	analysis	in
Python	extremely	efficient	and	user-friendly.	We'll	also	introduce	ourselves	to
the	Movies	Dataset	that	we're	going	to	use	to	build	our	recommenders	as	well	as
use	pandas	to	extract	some	interesting	facts	and	narrate	the	history	of	movies
using	data.

Disclaimer:
If	you	are	already	familiar	with	the	pandas	library,	you	may	skip	this	chapter	and	move	on	to
the	next,	Building	an	IMDB	Top	250	Clone	with	pandas.



Technical	requirements
You	will	be	required	to	have	Python	installed	on	a	system.	Finally,	to	use	the	Git
repository	of	this	book,	the	user	needs	to	install	Git.

The	code	files	of	this	chapter	can	be	found	on	GitHub:
https://github.com/PacktPublishing/Hands-On-Recommendation-Systems-with-Python.

Check	out	the	following	video	to	see	the	code	in	action:	http://bit.ly/2LoZEUj.



Setting	up	the	environment
Before	we	start	coding,	we	should	probably	set	up	our	development
environment.	For	data	scientists	and	analysts	using	Python,	the	Jupyter
Notebook	is,	by	far,	the	most	popular	tool	for	development.	Therefore,	we
strongly	advise	that	you	use	this	environment.

We	will	also	need	to	download	the	pandas	library.	The	easiest	way	to	obtain	both
is	to	download	Anaconda.	Anaconda	is	a	distribution	that	comes	with	the	Jupyter
software	and	the	SciPy	packages	(which	includes	pandas).

You	can	download	the	distribution	here:	https://www.anaconda.com/download/.

The	next	step	is	to	create	a	new	folder	(I'm	going	to	name	it	RecoSys)	in	your
desired	location.	This	will	be	the	master	folder	that	contains	all	the	code	we
write	as	part	of	this	book.	Within	this	folder,	create	another	folder	named
Chapter2,	which	will	contain	all	the	code	we	write	as	part	of	this	chapter.

Next,	open	your	Terminal	application,	navigate	to	the	Chapter2	folder,	and	run	the
jupyter	notebook	command.	The	commands	should	look	something	like	this	if
you're	on	a	Mac	or	Linux	(the	cd	path	will	differ	in	Windows):
[rounakbanik:~]$	cd	RecoSys/Chapter2
[rounakbanik:~/RecoSys/Chapter2]$	jupyter	notebook

	

Jupyter	Notebooks	run	on	the	browser	on	the	localhost.	Therefore,	they're	OS-
independent.	In	other	words,	the	experience	will	be	the	same	regardless	of
whether	you're	on	a	Mac,	a	PC,	or	a	Linux	box.

Upon	running	the	jupyter	notebook	command,	your	default	browser	should	open	up
to	the	localhost:8888/tree	URL	and	a	window	that	looks	as	follows:



To	the	right	of	the	window,	you	should	be	able	to	see	a	New	dropdown.	Click	it
and	create	a	new	Python	3	(or	Python	2)	Notebook.	Doing	so	will	open	a	new
tab	with	an	untitled	notebook.	You'll	also	be	able	to	see	an	input	cell	with	a
pointer	in	it.	This	is	space	where	we	write	our	code	(and	markdown).	Go	ahead
and	type	the	following	lines:	import	pandas	as	pd
pd.__version__

To	execute	the	code	in	this	cell,	press	Shift	+	Enter.	If	all	goes	well,	you	should
see	a	new	output	cell,	which	prints	the	version	of	the	pandas	library	(for	us,	it	is

0.20.3):	

Congratulations!



	

You've	now	successfully	set	up	your	development	environment.	Of	course,	there
is	much	more	to	Jupyter	Notebooks	than	running	a	cell.	We	will	be	talking	about
these	other	features	as	and	when	we	use	them.	Since	this	is	not	a	book	on
Jupyter,	we	will	be	redirecting	you	to	the	free	tutorials	online	if	you're	interested
in	learning	the	fundamentals	of	the	Jupyter	Notebook	first.	DataCamp	has	a
definitive	article	on	the	subject.

You	can	find	the	DataCamp	Jupyter	Notebook	Tutorial	here:	https://www.datacamp.com/community/tutori
als/tutorial-jupyter-notebook.
In	case	you're	having	trouble	setting	up	your	environment,	googling	the	error	should	direct
you	to	a	page	suggesting	a	suitable	solution.	Websites	such	as	Stack	Overflow	have	thousands
of	questions	on	Anaconda	setup	and	it	is	extremely	likely	that	the	problem	you're	facing	has
been	faced	by	someone	else	before.



The	Pandas	library
Pandas	is	a	package	that	gives	us	access	to	high-performance,	easy-to-use	tools
and	data	structures	for	data	analysis	in	Python.

As	we	stated	in	the	introduction,	Python	is	a	slow	language.	Pandas	overcomes
this	by	implementing	heavy	optimization	using	the	C	programming	language.	It
also	gives	us	access	to	Series	and	DataFrame,	two	extremely	powerful	and	user-
friendly	data	structures	imported	from	the	R	Statistical	Package.

Pandas	also	makes	importing	data	from	external	files	into	the	Python
environment	a	breeze.	It	supports	a	wide	variety	of	formats,	such	as	JSON,	CSV,
HDF5,	SQL,	NPY,	and	XLSX.

As	a	first	step	toward	working	with	pandas,	let's	import	our	movies	data	into	our
Jupyter	Notebook.	To	do	this,	we	need	the	path	to	where	our	dataset	is	located.
This	can	be	a	URL	on	the	internet	or	your	local	computer.	We	highly	recommend
downloading	the	data	to	your	local	computer	and	accessing	it	from	a	local	path
instead	of	from	a	web	URL.

Go	to	the	following	URL	to	download	the	required	CSV	file:	https://www.kaggle.com/rounakbanik/the-mov
ies-dataset/downloads/movies_metadata.csv/7.

	

Create	a	new	folder	called	data	in	the	RecoSys	directory	and	move	the
movies_metadata.csv	file	that	you	just	downloaded	into	this	folder.	Now,	let's
witness	some	pandas	magic.	In	the	Jupyter	Notebook	you	ran	in	the	previous
section,	go	to	the	second	cell	and	type	the	following	code:	#Read	the	CSV	File
into	df
df	=	pd.read_csv('../data/movies_metadata.csv')

#We	will	find	out	what	the	following	code	does	a	little	later!
df.head()

Et	voila!	You	should	be	able	to	see	a	table-like	structure	with	five	rows,	each



row	representing	a	movie.	You	can	also	see	that	the	table	has	24	columns,
although	the	columns	were	truncated	to	fit	in	the	display.

What	is	this	structure	though?	Let's	find	out	by	running	the	familiar	type
command:

#Output	the	type	of	df

type(df)

You	should	get	an	output	stating	that	df	is	a	pandas.core.frame.DataFrame.	In	other
words,	our	code	has	read	the	CSV	file	into	a	pandas	DataFrame	object.	But	what
are	DataFrames?	Let's	find	that	out	in	the	next	section.



The	Pandas	DataFrame
As	we	saw	in	the	previous	section,	the	df.head()	code	outputted	a	table-like
structure.	In	essence,	the	DataFrame	is	just	that:	a	two-dimensional	data
structure	with	columns	of	different	data	types.	You	can	think	of	it	as	an	SQL
Table.	Of	course,	just	being	a	table	of	rows	and	columns	isn't	what	makes	the
DataFrame	special.	The	DataFrame	gives	us	access	to	a	wide	variety	of
functionality,	some	of	which	we're	going	to	explore	in	this	section.

Each	row	in	our	DataFrame	represents	a	movie.	But	how	many	movies	are
there?	We	can	find	this	out	by	running	the	following	code:

#Output	the	shape	of	df

df.shape

OUTPUT:

(45466,	24)

The	result	gives	us	the	number	of	rows	and	columns	present	in	df.	We	can	see
that	we	have	data	on	45,466	movies.

We	also	see	that	we	have	24	columns.	Each	column	represents	a	feature	or	a
piece	of	metadata	about	the	movie.	When	we	ran	df.head(),	we	saw	that	most	of
the	columns	were	truncated	to	fit	in	the	display.	To	view	all	the	columns
(henceforth,	called	features)	we	have,	we	can	run	the	following:

#Output	the	columns	of	df

df.columns

OUTPUT:

Index(['adult',	'belongs_to_collection',	'budget',	'genres',	'homepage',	'id',

							'imdb_id',	'original_language',	'original_title',	'overview',

							'popularity',	'poster_path',	'production_companies',

							'production_countries',	'release_date',	'revenue',	'runtime',

							'spoken_languages',	'status',	'tagline',	'title',	'video',

							'vote_average',	'vote_count'],

						dtype='object')

We	see	that	we	have	a	lot	of	information	on	these	movies,	including	their	title,
budget,	genres,	release	date,	and	revenue.

Next,	let's	find	out	how	to	access	a	particular	movie	(or	row).	The	first	way	to	do



this	is	by	using	the	.iloc	method.	This	allows	us	to	select	rows	based	on	the
numeric	position,	starting	from	zero.	For	example,	if	we	wanted	to	access	the
second	movie	in	the	DataFrame,	we'd	run:

#Select	the	second	movie	in	df

second	=	df.iloc[1]

second

The	output	will	give	you	information	about	the	movie	on	each	of	its	24	features.
We	see	that	the	title	of	the	movie	is	Jumanji	and	that	it	was	released	on
December	15th,	1995,	among	other	things.

A	cell	will	always	print	the	output	of	the	last	line	of	code.	Therefore,	we	don't	need	to
explicitly	write	it	within	a	print	function.

	

	

	

	

	

	

The	second	way	to	do	it	is	by	accessing	the	DataFrame	index.	Since	we	didn't
explicitly	set	an	index	while	reading	the	CSV	file,	pandas	defaulted	it	to	zero-
based	indexing.	We	can	change	the	index	of	df	quite	easily.	Let's	change	the
index	to	the	title	of	the	movie	and	try	to	access	Jumanji	using	this	index:

#Change	the	index	to	the	title

df	=	df.set_index('title')

#Access	the	movie	with	title	'Jumanji'

jum	=	df.loc['Jumanji']

jum

You	should	see	an	output	identical	to	the	previous	cell.	Let's	revert	back	to	our
zero-based	numeric	index:

#Revert	back	to	the	previous	zero-based	indexing

df	=	df.reset_index()



It	is	also	possible	to	create	a	new,	smaller	DataFrame	with	fewer	columns.	Let's
create	a	new	DataFrame	that	only	has	the	following	features:	title,	release_date,
budget,	revenue,	runtime,	and	genres:

#Create	a	smaller	dataframe	with	a	subset	of	all	features

small_df	=	df[['title',	'release_date',	'budget',	'revenue',	'runtime',	'genres']]

#Output	only	the	first	5	rows	of	small_df

small_df.head()

You	should	see	a	table	with	five	movies	and	only	the	features	that	we've
mentioned.	The	.head()	method	simply	displays	the	first	five	rows	of	the
DataFrame.	You	can	display	as	many	rows	as	you	want	by	passing	it	as	an
argument	into	.head():

#Display	the	first	15	rows

small_df.head(15)

Next,	let's	check	out	the	data	types	of	our	various	features:

#Get	information	of	the	data	types	of	each	feature

small_df.info()

OUTPUT:

<class	'pandas.core.frame.DataFrame'>

RangeIndex:	45466	entries,	0	to	45465

Data	columns	(total	6	columns):

title	45460	non-null	object

release_date	45379	non-null	object

budget	45466	non-null	object

revenue	45460	non-null	float64

runtime	45203	non-null	float64

genres	45466	non-null	object

dtypes:	float64(2),	object(4)

memory	usage:	2.1+	MB

A	curious	observation	here	is	that	pandas	correctly	deciphers	revenue	and	runtime
as	float	data,	but	assigns	the	generic	object	data	type	to	budget.

However,	pandas	allows	us	to	manually	convert	the	data	type	of	a	feature.	Let's
try	to	convert	the	budget	feature	to	float:

#Convert	budget	to	float

df['budget']	=	df['budget'].astype('float')

OUTPUT:

...

...

ValueError:	could	not	convert	string	to	float:	'/zaSf5OG7V8X8gqFvly88zDdRm46.jpg'

Running	this	cell	throws	ValueError.	It	is	easy	to	guess	that	one	of	the	budget



fields	had	a	'/zaSf...'	string	as	its	value,	and	pandas	was	not	able	to	convert	this
into	a	floating	number.

To	solve	this	problem,	we	will	use	the	apply()	method.	This	will	allow	us	to	apply
a	function	to	every	field	in	a	particular	column	and	convert	it	into	the	return
value.	We	are	going	to	convert	every	number	field	in	budget	to	float	and,	if	that
fails,	convert	it	to	NaN:

#Import	the	numpy	library	

import	numpy	as	np

#Function	to	convert	to	float	manually

def	to_float(x):

				try:

								x	=	float(x)

				except:	

								x	=	np.nan

				return	x

#Apply	the	to_float	function	to	all	values	in	the	budget	column

small_df['budget']	=	small_df['budget'].apply(to_float)

#Try	converting	to	float	using	pandas	astype

small_df['budget']	=	small_df['budget'].astype('float')

#Get	the	data	types	for	all	features

small_df.info()

This	time	around,	there	are	no	errors	thrown.	Also,	we	notice	that	the	budget
feature	is	now	of	the	float64	type.

Now,	let's	try	to	define	a	new	feature,	called	year,	that	represents	the	year	of
release.	The	recommended	way	to	do	this	would	be	by	using	the	datetime
functionality	that	pandas	gives	us:

#Convert	release_date	into	pandas	datetime	format

small_df['release_date']	=	pd.to_datetime(small_df['release_date'],	errors='coerce')

#Extract	year	from	the	datetime

small_df['year']	=	small_df['release_date'].apply(lambda	x:	str(x).split('-')[0]	if	x	

!=	np.nan	else	np.nan)

#Display	the	DataFrame	with	the	new	'year'	feature

small_df.head()

What	are	the	oldest	movies	available	in	this	dataset?	To	answer	this	question,	we
can	sort	the	DataFrame	based	on	the	year	of	release:

#Sort	DataFrame	based	on	release	year

small_df	=	small_df.sort_values('year')

small_df.head()



We	see	that	we	have	movies	from	as	early	as	the	1870s,	with	Passage	of	Venus
being	the	oldest	movie	on	record.	Next,	let's	find	out	the	most	successful	movies
of	all	time.	To	do	this,	we'll	use	the	sort_values()	method	once	again,	but	with	an
additional	ascending=False	parameter	to	sort	DataFrame	in	descending	order:

#Sort	Movies	based	on	revenue	(in	descending	order)

small_df	=	small_df.sort_values('revenue',	ascending=False)

small_df.head()

From	our	results,	we	observe	that	Avatar	is	the	most	successful	movie	of	all
time,	with	a	revenue	of	over	$2.78	billion.

	

Let's	say	we	wanted	to	create	a	new	DataFrame	of	movies	that	satisfied	a	certain
condition.	For	instance,	we	only	want	movies	that	earned	more	than	$1	billion.
Pandas	makes	this	possible	using	its	Boolean	Indexing	feature.	Let's	see	this	in
action:

#Select	only	those	movies	which	earned	more	than	1	billion

new	=	small_df[small_df['revenue']	>	1e9]

new

It	is	also	possible	to	apply	multiple	conditions.	For	instance,	let's	say	we	only
wanted	movies	that	earned	more	than	$1	billion,	but	where	the	outlay	less	than
$150	million,	we'd	do	it	as	follows:

#Select	only	those	movies	which	earned	more	than	1	billion	and	spent	less	than	150	

million

new2	=	small_df[(small_df['revenue']	>	1e9)	&	(small_df['budget']	<	1.5e8)]

new2

Only	four	movies	make	it	into	this	list.

There	is,	of	course,	much	more	to	what	you	can	do	with	DataFrames	(such	as
handling	missing	data),	but	we'll	stop	our	exploration	with	it	for	now.	Let's	move
on	to	another	data	structure	we	have	unknowingly	used	extensively	in	this
section:	the	Pandas	Series.



The	Pandas	Series
When	we	accessed	the	Jumanji	movie	using	.loc	and	.iloc,	the	data	structures
returned	to	us	were	Pandas	Series	objects.	You	may	have	also	noticed	that	we
were	accessing	entire	columns	using	df[column_name].	This,	too,	was	a	Pandas
Series	object:

type(small_df['year'])

OUTPUT:

pandas.core.series.Series

The	Pandas	Series	is	a	one-dimensional	labelled	array	capable	of	holding	data	of
any	type.	You	may	think	of	it	as	a	Python	list	on	steroids.	When	we	were	using
the	.apply()	and	.astype()	methods	in	the	previous	section,	we	were	actually	using
them	on	these	Series	objects.

Therefore,	like	the	DataFrame,	the	Series	object	comes	with	its	own	group	of
extremely	useful	methods	that	make	data	analysis	a	breeze.

	

First,	let's	check	out	the	shortest-	and	longest-running	movies	of	all	time.	We
will	do	this	by	accessing	the	runtime	column	of	the	DataFrame	as	a	Series	object
and	applying	its	methods	on	it:

#Get	the	runtime	Series	object

runtime	=	small_df['runtime']

#Print	the	longest	runtime	of	any	movie

print(runtime.max())

#Print	the	shortest	runtime	of	any	movie

print(runtime.min())

We	see	that	the	longest	movie	is	more	than	1,256	minutes	in	length	and	the
shortest	is	0!	Of	course,	such	strange	results	demand	a	deeper	inspection	of	the
data	but	we	shall	skip	that,	for	now.

It	is	also	possible	to	calculate	the	mean	and	median	of	the	Series	in	this	way.
Let's	do	so	for	the	movie	budgets:



#Get	the	budget	Series	object

budget	=	small_df['budget']

#Print	the	mean	budget	of	the	movies

print(budget.mean())

#Print	the	median	budget	of	the	movies

print(budget.median())

The	average	budget	of	a	movie	is	$4.2	million	and	the	median	budget	is	0!	This
suggests	that	at	least	half	the	movies	in	our	dataset	have	no	budget	at	all!	Like	in
the	previous	case,	such	strange	results	demand	closer	inspection.	In	this	case,	it
is	highly	likely	that	a	zero	budget	indicates	that	the	data	is	not	available.

What	is	the	revenue	that	the	90th-percentile	movie	generated?	We	can	discover
this	using	the	quantile	function:

#Get	the	revenue	Series	object

revenue	=	small_df['revenue']

#Revenue	generated	by	the	90th	percentile	movie

revenue.quantile(0.90)

We	get	a	result	of	$8.26	million.	What	this	means	is	that	only	10%	of	the	movies
in	our	dataset	earned	more	than	$8.26	million	in	revenue.

	

	

Finally,	let's	find	out	the	number	of	movies	released	each	year.	We	do	this	using
the	value_counts()	method	on	the	year	series:

#Get	number	of	movies	released	each	year

small_df['year'].value_counts()

We	have	the	highest	number	of	movies	released	in	2014.	There	are	also	six	years
in	our	dataset	(including	2020)	that	have	only	one	movie	on	record.

We'll	stop	our	tour	of	the	pandas	library	here.	As	I	have	already	mentioned,	there
is	much	more	to	pandas	than	what	we	have	covered	in	this	chapter.	However,
this	should	be	sufficient	to	tackle	the	data-wrangling	and	analysis	tasks	that	we'll
encounter	while	building	our	recommenders.

You	may	rename	the	notebook	as	Chapter2	by	clicking	on	Untitled	and	then	close



it.	For	the	next	chapter,	we	will	create	a	new	notebook.



Summary
	

In	this	chapter,	we	gained	an	understanding	of	the	limitations	of	using	vanilla
Python	and	its	built-in	data	structures.	We	acquainted	ourselves	with	the	Pandas
library	and	learned	how	it	overcomes	the	aforementioned	difficulties	by	giving
us	access	to	extremely	powerful	and	easy-to-use	data	structures.	We	then
explored	the	two	main	data	structures,	Series	and	DataFrame,	by	analyzing	our
movies-metadata	dataset.

In	the	next	chapter,	we	will	use	our	newfound	skills	to	build	an	IMDB	Top	250
Clone	and	its	variant,	a	type	of	knowledge-based	recommender.

	

	

	



Building	an	IMDB	Top	250	Clone
with	Pandas
The	Internet	Movie	Database	(IMDB)	maintains	a	chart	called	the	IMDB	Top
250,	which	is	a	ranking	of	the	top	250	movies	according	to	a	certain	scoring
metric.	All	the	movies	in	this	list	are	non-documentary,	theatrical	releases	with	a
runtime	of	at	least	45	minutes	and	over	250,000	ratings:

This	chart	can	be	considered	the	simplest	of	recommenders.	It	doesn't	take	into
consideration	the	tastes	of	a	particular	user,	nor	does	it	try	to	deduce	similarities
between	different	movies.	It	simply	calculates	a	score	for	every	movie	based	on
a	predefined	metric	and	outputs	a	sorted	list	of	movies	based	on	that	score.

In	this	chapter,	we	will	be	covering	the	following:

Building	a	clone	of	the	IMDB	Top	250	chart	(henceforth	referred	to	as	the
simple	recommender).
Taking	the	functionalities	of	the	chart	one	step	further	and	building	a



knowledge-based	recommender.	This	model	takes	user	preferences	with
regards	to	genre,	timeframe,	runtime,	language,	and	so	on,	and	recommends
movies	that	satisfy	all	conditions.



Technical	requirements
You	will	be	required	to	have	Python	installed	on	a	system.	Finally,	to	use	the	Git
repository	of	this	book,	the	user	needs	to	install	Git.

The	code	files	of	this	chapter	can	be	found	on	GitHub:
https://github.com/PacktPublishing/Hands-On-Recommendation-Systems-with-Python.

Check	out	the	following	video	to	see	the	code	in	action:	http://bit.ly/2v7SZD4.



The	simple	recommender
The	first	step	in	building	our	simple	recommender	is	setting	up	our	workspace.
Let's	create	a	new	directory	named	Chapter3.	Create	a	Jupyter	Notebook	in	this
directory	named	Simple	Recommender	and	open	it	in	the	browser.

Let's	now	load	the	dataset	we	used	in	the	previous	chapter	into	our	notebook.

In	case	you	have	not	downloaded	it	already,	the	dataset	is	available	at
https://www.kaggle.com/rounakbanik/the-movies-dataset/downloads/movies_metadata.csv/7.

import	pandas	as	pd

import	numpy	as	np

#Load	the	dataset	into	a	pandas	dataframe

df	=	pd.read_csv('../data/movies_')

#Display	the	first	five	movies	in	the	dataframe

df.head()

Upon	running	the	cell,	you	should	see	a	familiar	table-like	structure	output	in	the
notebook.

Building	the	simple	recommender	is	fairly	straightforward.	The	steps	are	as
follows:

1.	 Choose	a	metric	(or	score)	to	rate	the	movies	on
2.	 Decide	on	the	prerequisites	for	the	movie	to	be	featured	on	the	chart
3.	 Calculate	the	score	for	every	movie	that	satisfies	the	conditions
4.	 Output	the	list	of	movies	in	decreasing	order	of	their	scores



The	metric
The	metric	is	the	numeric	quantity	based	on	which	we	rank	movies.	A	movie	is
considered	to	be	better	than	another	movie	if	it	has	a	higher	metric	score	than	the
other	movie.	It	is	very	important	that	we	have	a	robust	and	a	reliable	metric	to
build	our	chart	upon	to	ensure	a	good	quality	of	recommendations.

The	choice	of	a	metric	is	arbitrary.	One	of	the	simplest	metrics	that	can	be	used
is	the	movie	rating.	However,	this	suffers	from	a	variety	of	disadvantages.	In	the
first	place,	the	movie	rating	does	not	take	the	popularity	of	a	movie	into
consideration.	Therefore,	a	movie	rated	9	by	100,000	users	will	be	placed	below
a	movie	rated	9.5	by	100	users.
This	is	not	desirable	as	it	is	highly	likely	that	a	movie	watched	and	rated	only	by
100	people	caters	to	a	very	specific	niche	and	may	not	appeal	as	much	to	the
average	person	as	the	former.

	

	

It	is	also	a	well-known	fact	that	as	the	number	of	voters	increase,	the	rating	of	a
movie	normalizes	and	it	approaches	a	value	that	is	reflective	of	the	movie's
quality	and	popularity	with	the	general	populace.	To	put	it	another	way,	movies
with	very	few	ratings	are	not	very	reliable.	A	movie	rated	10/10	by	five	users
doesn't	necessarily	mean	that	it's	a	good	movie.

Therefore,	what	we	need	is	a	metric	that	can,	to	an	extent,	take	into	account	the
movie	rating	and	the	number	of	votes	it	has	garnered	(a	proxy	for	popularity).
This	would	give	a	greater	preference	to	a	blockbuster	movie	rated	8	by	100,000
users	over	an	art	house	movie	rated	9	by	100	users.

Fortunately,	we	do	not	have	to	brainstorm	a	mathematical	formula	for	the	metric.
As	the	title	of	this	chapter	states,	we	are	building	an	IMDB	top	250	clone.
Therefore,	we	shall	use	IMDB's	weighted	rating	formula	as	our	metric.
Mathematically,	it	can	be	represented	as	follows:	Weighted	Rating	(WR)	=	



The	following	apply:

v	is	the	number	of	votes	garnered	by	the	movie
m	is	the	minimum	number	of	votes	required	for	the	movie	to	be	in	the	chart
(the	prerequisite)
R	is	the	mean	rating	of	the	movie
C	is	the	mean	rating	of	all	the	movies	in	the	dataset

We	already	have	the	values	for	v	and	R	for	every	movie	in	the	form	of	the
vote_count	and	vote_average	features	respectively.	Calculating	C	is	extremely	trivial,
as	we	have	already	seen	in	the	previous	chapter.



The	prerequisties
The	IMDB	weighted	formula	also	has	a	variable	m	,	which	it	requires	to
compute	its	score.	This	variable	is	in	place	to	make	sure	that	only	movies	that
are	above	a	certain	threshold	of	popularity	are	considered	for	the	rankings.
Therefore,	the	value	of	m	determines	the	movies	that	qualify	to	be	in	the	chart
and	also,	by	being	part	of	the	formula,	determines	the	final	value	of	the	score.

Just	like	the	metric,	the	choice	of	the	value	of	m	is	arbitrary.	In	other	words,
there	is	no	right	value	for	m.	It	is	a	good	idea	to	experiment	with	different	values
of	m	and	then	choose	the	one	that	you	(and	your	audience)	think	gives	the	best
recommendations.	The	only	thing	to	be	kept	in	mind	is	that	the	higher	the	value
of	m,	the	higher	the	emphasis	on	the	popularity	of	a	movie,	and	therefore	the
higher	the	selectivity.

For	our	recommender,	we	will	use	the	number	of	votes	garnered	by	the	80th
percentile	movie	as	our	value	for	m.	In	other	words,	for	a	movie	to	be	considered
in	the	rankings,	it	must	have	garnered	more	votes	than	at	least	80%	of	the
movies	present	in	our	dataset.	Additionally,	the	number	of	votes	garnered	by	the
80th	percentile	movie	is	used	in	the	weighted	formula	described	previously	to
come	up	with	the	value	for	the	scores.

Let	us	now	calculate	the	value	of	m:

#Calculate	the	number	of	votes	garnered	by	the	80th	percentile	movie

m	=	df['vote_count'].quantile(0.80)

m

OUTPUT:

50.0

We	can	see	that	only	20%	of	the	movies	have	gained	more	than	50	votes.
Therefore,	our	value	of	m	is	50.

Another	prerequisite	that	we	want	in	place	is	the	runtime.	We	will	only	consider
movies	that	are	greater	than	45	minutes	and	less	than	300	minutes	in	length.	Let	us
define	a	new	DataFrame,	q_movies,	which	will	hold	all	the	movies	that	qualify	to
appear	in	the	chart:



#Only	consider	movies	longer	than	45	minutes	and	shorter	than	300	minutes

q_movies	=	df[(df['runtime']	>=	45)	&	(df['runtime']	<=	300)]

#Only	consider	movies	that	have	garnered	more	than	m	votes

q_movies	=	q_movies[q_movies['vote_count']	>=	m]

#Inspect	the	number	of	movies	that	made	the	cut

q_movies.shape

OUTPUT:

(8963,	24)

We	see	that	from	our	dataset	of	45,000	movies	approximately	9,000	movies	(or
20%)	made	the	cut.

	



Calculating	the	score
The	final	value	that	we	need	to	discover	before	we	calculate	our	scores	is	C,	the
mean	rating	for	all	the	movies	in	the	dataset:	#	Calculate	C
C	=	df['vote_average'].mean()
C

OUTPUT:
5.6182072151341851

We	can	see	that	the	average	rating	of	a	movie	is	approximately	5.6/10.	It	seems
that	IMDB	happens	to	be	particularly	strict	with	their	ratings.	Now	that	we	have
the	value	of	C,	we	can	go	about	calculating	our	score	for	each	movie.

First,	let	us	define	a	function	that	computes	the	rating	for	a	movie,	given	its
features	and	the	values	of	m	and	C:	#	Function	to	compute	the	IMDB	weighted
rating	for	each	movie
def	weighted_rating(x,	m=m,	C=C):
v	=	x['vote_count']
R	=	x['vote_average']
#	Compute	the	weighted	score
return	(v/(v+m)	*	R)	+	(m/(m+v)	*	C)

Next,	we	will	use	the	familiar	apply	function	on	our	q_movies	DataFrame	to
construct	a	new	feature	score.	Since	the	calculation	is	done	for	every	row,	we
will	set	the	axis	to	1	to	denote	row-wise	operation:	#	Compute	the	score	using	the
weighted_rating	function	defined	above
q_movies['score']	=	q_movies.apply(weighted_rating,	axis=1)



Sorting	and	output
There	is	just	one	step	left.	We	now	need	to	sort	our	DataFrame	on	the	basis	of
the	score	we	just	computed	and	output	the	list	of	top	movies:

And	voila!	You	have	just	built	your	very	first	recommender.	Congratulations!

We	can	see	that	the	Bollywood	film	Dilwale	Dulhania	Le	Jayenge	figures	at	the
top	of	the	list.	We	can	also	see	that	it	has	a	noticeably	smaller	number	of	votes



than	the	other	Top	25	movies.	This	strongly	suggests	that	we	should	probably
explore	a	higher	value	of	m.	This	is	left	as	an	exercise	for	the	reader;	experiment
with	different	values	of	m	and	observe	how	the	movies	in	the	chart	change.



The	knowledge-based	recommender
In	this	section,	we	are	going	to	go	ahead	and	build	a	knowledge-based
recommender	on	top	of	our	IMDB	Top	250	clone.	This	will	be	a	simple	function
that	will	perform	the	following	tasks:

1.	 Ask	the	user	for	the	genres	of	movies	he/she	is	looking	for
2.	 Ask	the	user	for	the	duration
3.	 Ask	the	user	for	the	timeline	of	the	movies	recommended
4.	 Using	the	information	collected,	recommend	movies	to	the	user	that	have	a

high	weighted	rating	(according	to	the	IMDB	formula)	and	that	satisfy	the
preceding	conditions

The	data	that	we	have	has	information	on	the	duration,	genres,	and	timelines,	but
it	isn't	currently	in	a	form	that	is	directly	usable.	In	other	words,	our	data	needs
to	be	wrangled	before	it	can	be	put	to	use	to	build	this	recommender.

In	our	Chapter3	folder,	let's	create	a	new	Jupyter	Notebook	named	Knowledge
Recommender.	This	notebook	will	contain	all	the	code	that	we	write	as	part	of	this
section.

As	usual,	let	us	load	our	packages	and	the	data	into	our	notebook.	Let's	also	take
a	look	at	the	features	that	we	have	and	decide	on	the	ones	that	will	be	useful	for
this	task:

import	pandas	as	pd

import	numpy	as	np

df	=	pd.read_csv('../data/movies_metadata.csv')

#Print	all	the	features	(or	columns)	of	the	DataFrame

df.columns

OUTPUT:

Index(['adult',	'belongs_to_collection',	'budget',	'genres',	'homepage',	'id',

							'imdb_id',	'original_language',	'original_title',	'overview',

							'popularity',	'poster_path',	'production_companies',

							'production_countries',	'release_date',	'revenue',	'runtime',

							'spoken_languages',	'status',	'tagline',	'title',	'video',

							'vote_average',	'vote_count'],

						dtype='object')

From	our	output,	it	is	quite	clear	which	features	we	do	and	do	not	require.	Now,



let's	reduce	our	DataFrame	to	only	contain	features	that	we	need	for	our	model:

#Only	keep	those	features	that	we	require	

df	=	df[['title','genres',	'release_date',	'runtime',	'vote_average',	'vote_count']]

df.head()

Next,	let	us	extract	the	year	of	release	from	our	release_date	feature:

#Convert	release_date	into	pandas	datetime	format

df['release_date']	=	pd.to_datetime(df['release_date'],	errors='coerce')

#Extract	year	from	the	datetime

df['year']	=	df['release_date'].apply(lambda	x:	str(x).split('-')[0]	if	x	!=	np.nan	

else	np.nan)

Our	year	feature	is	still	an	object	and	is	riddled	with	NaT	values,	which	are	a	type
of	null	value	used	by	Pandas.	Let's	convert	these	values	to	an	integer,	0,	and
convert	the	datatype	of	the	year	feature	into	int.

To	do	this,	we	will	define	a	helper	function,	convert_int,	and	apply	it	to	the	year
feature:

#Helper	function	to	convert	NaT	to	0	and	all	other	years	to	integers.

def	convert_int(x):

				try:

								return	int(x)

				except:

								return	0

#Apply	convert_int	to	the	year	feature

df['year']	=	df['year'].apply(convert_int)

We	do	not	require	the	release_date	feature	anymore.	So	let's	go	ahead	and	remove
it:

#Drop	the	release_date	column

df	=	df.drop('release_date',	axis=1)

#Display	the	dataframe

df.head()

The	runtime	feature	is	already	in	a	form	that	is	usable.	It	doesn't	require	any
additional	wrangling.	Let	us	now	turn	our	attention	to	genres.



Genres
Upon	preliminary	inspection,	we	can	observe	that	the	genres	are	in	a	format	that
looks	like	a	JSON	object	(or	a	Python	dictionary).	Let	us	take	a	look	at	the	genres
object	of	one	of	our	movies:

#Print	genres	of	the	first	movie

df.iloc[0]['genres']

OUTPUT:

"[{'id':	16,	'name':	'Animation'},	{'id':	35,	'name':	'Comedy'},	{'id':	10751,	'name':	

'Family'}]"

We	can	observe	that	the	output	is	a	stringified	dictionary.	In	order	for	this	feature
to	be	usable,	it	is	important	that	we	convert	this	string	into	a	native	Python
dictionary.	Fortunately,	Python	gives	us	access	to	a	function	called	literal_eval
(available	in	the	ast	library)	which	does	exactly	that.	literal_eval	parses	any	string
passed	into	it	and	converts	it	into	its	corresponding	Python	object:

#Import	the	literal_eval	function	from	ast

from	ast	import	literal_eval

#Define	a	stringified	list	and	output	its	type

a	=	"[1,2,3]"

print(type(a))

#Apply	literal_eval	and	output	type

b	=	literal_eval(a)

print(type(b))

OUTPUT:

<class	'str'>

<class	'list'>

We	now	have	all	the	tools	required	to	convert	the	genres	feature	into	the	Python
dictionary	format.

Also,	each	dictionary	represents	a	genre	and	has	two	keys:	id	and	name.	However,
for	this	exercise	(as	well	as	all	subsequent	exercises),	we	only	require	the	name.
Therefore,	we	shall	convert	our	list	of	dictionaries	into	a	list	of	strings,	where
each	string	is	a	genre	name:

#Convert	all	NaN	into	stringified	empty	lists

df['genres']	=	df['genres'].fillna('[]')

#Apply	literal_eval	to	convert	to	the	list	object



df['genres']	=	df['genres'].apply(literal_eval)

#Convert	list	of	dictionaries	to	a	list	of	strings

df['genres']	=	df['genres'].apply(lambda	x:	[i['name']	for	i	in	x]	if	isinstance(x,	

list)	else	[])

df.head()

Printing	the	head	of	the	DataFrame	should	show	you	a	new	genres	feature,	which
is	a	list	of	genre	names.	However,	we're	still	not	done	yet.	The	last	step	is	to
explode	the	genres	column.	In	other	words,	if	a	particular	movie	has	multiple
genres,	we	will	create	multiple	copies	of	the	movie,	with	each	movie	having	one
of	the	genres.

For	example,	if	there	is	a	movie	called	Just	Go	With	It	that	has	romance	and
comedy	as	its	genres,	we	will	explode	this	movie	into	two	rows.	One	row	will	be
Just	Go	With	It	as	a	romance	movie.	The	other	will	be	a	comedy	movie:

#Create	a	new	feature	by	exploding	genres

s	=	df.apply(lambda	x:	pd.Series(x['genres']),axis=1).stack().reset_index(level=1,	

drop=True)

#Name	the	new	feature	as	'genre'

s.name	=	'genre'

#Create	a	new	dataframe	gen_df	which	by	dropping	the	old	'genres'	feature	and	adding	

the	new	'genre'.

gen_df	=	df.drop('genres',	axis=1).join(s)

#Print	the	head	of	the	new	gen_df

gen_df.head()

You	should	be	able	to	see	three	Toy	Story	rows	now;	one	each	to	represent
animation,	family,	and	comedy.	This	gen_df	DataFrame	is	what	we	will	use	to
build	our	knowledge-based	recommender.



The	build_chart	function
We	are	finally	in	a	position	to	write	the	function	that	will	act	as	our
recommender.	We	cannot	use	our	computed	values	of	m	and	C	from	earlier,	as
we	will	not	be	considering	every	movie	just	the	ones	that	qualify.	In	other	words,
these	are	three	main	steps:

1.	 Get	user	input	on	their	preferences
2.	 Extract	all	movies	that	match	the	conditions	set	by	the	user
3.	 Calculate	the	values	of	m	and	C	for	only	these	movies	and	proceed	to	build

the	chart	as	in	the	previous	section

Therefore,	the	build_chart	function	will	accept	only	two	inputs:	our	gen_df
DataFrame	and	the	percentile	used	to	calculate	the	value	of	m.	By	default,	let's
set	this	to	80%,	or	0.8:

def	build_chart(gen_df,	percentile=0.8):

				#Ask	for	preferred	genres

				print("Input	preferred	genre")

				genre	=	input()

				

				#Ask	for	lower	limit	of	duration

				print("Input	shortest	duration")

				low_time	=	int(input())

				

				#Ask	for	upper	limit	of	duration

				print("Input	longest	duration")

				high_time	=	int(input())

				

				#Ask	for	lower	limit	of	timeline

				print("Input	earliest	year")

				low_year	=	int(input())

				

				#Ask	for	upper	limit	of	timeline

				print("Input	latest	year")

				high_year	=	int(input())

				

				#Define	a	new	movies	variable	to	store	the	preferred	movies.	Copy	the	contents	of	

gen_df	to	movies

				movies	=	gen_df.copy()

				

				#Filter	based	on	the	condition

				movies	=	movies[(movies['genre']	==	genre)	&	

																				(movies['runtime']	>=	low_time)	&	

																				(movies['runtime']	<=	high_time)	&	

																				(movies['year']	>=	low_year)	&	

																				(movies['year']	<=	high_year)]

				

				#Compute	the	values	of	C	and	m	for	the	filtered	movies

				C	=	movies['vote_average'].mean()



				m	=	movies['vote_count'].quantile(percentile)

				

				#Only	consider	movies	that	have	higher	than	m	votes.	Save	this	in	a	new	dataframe	

q_movies

				q_movies	=	movies.copy().loc[movies['vote_count']	>=	m]

				

				#Calculate	score	using	the	IMDB	formula

				q_movies['score']	=	q_movies.apply(lambda	x:	(x['vote_count']/(x['vote_count']+m)	*	

x['vote_average'])	

																																							+	(m/(m+x['vote_count'])	*	C)

																																							,axis=1)

				#Sort	movies	in	descending	order	of	their	scores

				q_movies	=	q_movies.sort_values('score',	ascending=False)

				

				return	q_movies

Time	to	put	our	model	into	action!

We	want	recommendations	for	animated	movies	between	30	minutes	and	2	hours
in	length,	and	released	anywhere	between	1990	and	2005.	Let's	see	the	results:

We	can	see	that	the	movies	that	it	outputs	satisfy	all	the	conditions	we	passed	in
as	input.	Since	we	applied	IMDB's	metric,	we	can	also	observe	that	our	movies
are	very	highly	rated	and	popular	at	the	same	time.	The	top	5	also	includes	The
Lion	King,	which	is	my	favorite	animated	movie	of	all	time!	I,	for	one,	would	be
very	happy	with	the	results	of	this	list.



Summary
	

In	this	chapter,	we	built	a	simple	recommender,	which	was	a	clone	of	the	IMDB
Top	250	chart.	We	then	proceeded	to	build	an	improved	knowledge-based
recommender,	which	asked	the	user	for	their	preferred	genres,	duration,	and
time.	In	the	process	of	building	these	models,	we	also	learned	to	perform	some
advanced	data	wrangling	with	the	Pandas	library.

In	the	next	chapter,	we	will	use	more	advanced	features	and	techniques	to	build	a
content-based	recommender.	This	model	will	be	able	to	detect	similar	movies
based	on	their	plots	and	recommend	movies	by	identifying	similarities	in	genre,
cast,	crew,	plot,	and	so	on.

	

	

	



Building	Content-Based
Recommenders
In	the	previous	chapter,	we	built	an	IMDB	Top	250	clone	(a	type	of	simple
recommender)	and	a	knowledge-based	recommender	that	suggested	movies
based	on	timeline,	genre,	and	duration.	However,	these	systems	were	extremely
primitive.	The	simple	recommender	did	not	take	into	consideration	an	individual
user's	preferences.	The	knowledge-based	recommender	did	take	account	of	the
user's	preference	for	genres,	timelines,	and	duration,	but	the	model	and	its
recommendations	still	remained	very	generic.

Imagine	that	Alice	likes	the	movies	The	Dark	Knight,	Iron	Man,	and	Man	of
Steel.	It	is	pretty	evident	that	Alice	has	a	taste	for	superhero	movies.	However,
our	models	from	the	previous	chapter	would	not	be	able	to	capture	this	detail.
The	best	it	could	do	is	suggest	action	movies	(by	making	Alice	input	action	as
the	preferred	genre),	which	is	a	superset	of	superhero	movies.

It	is	also	possible	that	two	movies	have	the	same	genre,	timeline,	and	duration
characteristics,	but	differ	hugely	in	their	audience.	Consider	The	Hangover	and
Forgetting	Sarah	Marshall,	for	example.	Both	these	movies	were	released	in	the
first	decade	of	the	21st	century,	both	lasted	around	two	hours,	and	both	were
comedies.	However,	the	kind	of	audience	that	enjoyed	these	movies	was	very
different.

An	obvious	fix	to	this	problem	is	to	ask	the	user	for	more	metadata	as	input.	For
instance,	if	we	introduced	a	sub-genre	input,	the	user	would	be	able	to	input
values	such	as	superhero,	black	comedy,	and	romantic	comedy,	and	obtain	more
appropriate	results,	but	this	solution	suffers	heavily	from	the	perspective	of
usability.

The	first	problem	is	that	we	do	not	possess	data	on	sub-genres.	Secondly,	even	if
we	did,	our	users	are	extremely	unlikely	to	possess	knowledge	of	their	favorite
movies'	metadata.	Finally,	even	if	they	did,	they	would	certainly	not	have	the
patience	to	input	it	into	a	long	form.	Instead,	what	they	would	be	more	willing	to



do	is	tell	you	the	movies	they	like/dislike	and	expect	recommendations	that
match	their	tastes.

As	we	discussed	in	the	first	chapter,	this	is	exactly	what	sites	like	Netflix	do.
When	you	sign	up	on	Netflix	for	the	first	time,	it	doesn't	have	any	information
about	your	tastes	for	it	to	build	a	profile,	leverage	the	power	of	its	community,
and	give	you	recommendations	with	(a	concept	we'll	explore	in	later	chapters).
Instead,	what	it	does	is	ask	you	for	a	few	movies	you	like	and	show	you	results
that	are	most	similar	to	those	movies.

In	this	chapter,	we	are	going	to	build	two	types	of	content-based	recommender:

Plot	description-based	recommender:	This	model	compares	the
descriptions	and	taglines	of	different	movies,	and	provides
recommendations	that	have	the	most	similar	plot	descriptions.
Metadata-based	recommender:	This	model	takes	a	host	of	features,	such
as	genres,	keywords,	cast,	and	crew,	into	consideration	and	provides
recommendations	that	are	the	most	similar	with	respect	to	the
aforementioned	features.



Technical	requirements
You	will	be	required	to	have	Python	installed	on	a	system.	Finally,	to	use	the	Git
repository	of	this	book,	the	user	needs	to	install	Git.

The	code	files	of	this	chapter	can	be	found	on	GitHub:
https://github.com/PacktPublishing/Hands-On-Recommendation-Systems-with-Python.

Check	out	the	following	video	to	see	the	code	in	action:	http://bit.ly/2LOcac2.



Exporting	the	clean	DataFrame
In	the	previous	chapter,	we	performed	a	series	of	data	wrangling	and	cleaning
processes	on	our	metadata	in	order	to	convert	it	into	a	form	that	was	more
usable.	To	avoid	having	to	perform	these	steps	again,	let's	save	this	cleaned
DataFrame	into	a	CSV	file.	As	always,	doing	this	with	pandas	happens	to	be
extremely	easy.

In	the	knowledge	recommender	notebook	from	Chapter	4,	enter	the	following
code	in	the	last	cell:

#Convert	the	cleaned	(non-exploded)	dataframe	df	into	a	CSV	file	and	save	it	in	the	

data	folder

#Set	parameter	index	to	False	as	the	index	of	the	DataFrame	has	no	inherent	meaning.

df.to_csv('../data/metadata_clean.csv',	index=False)

Your	data	folder	should	now	contain	a	new	file,	metadata_clean.csv.

Let's	create	a	new	folder,	Chapter	4,	and	open	a	new	Jupyter	Notebook	within	this
folder.	Let's	now	import	our	new	file	into	this	Notebook:

import	pandas	as	pd

import	numpy	as	np

#Import	data	from	the	clean	file	

df	=	pd.read_csv('../data/metadata_clean.csv')

#Print	the	head	of	the	cleaned	DataFrame

df.head()

The	cell	should	output	a	DataFrame	that	is	already	clean	and	in	the	desired	form.



Document	vectors
Essentially,	the	models	we	are	building	compute	the	pairwise	similarity	between
bodies	of	text.	But	how	do	we	numerically	quantify	the	similarity	between	two
bodies	of	text?

To	put	it	another	way,	consider	three	movies:	A,	B,	and	C.	How	can	we
mathematically	prove	that	the	plot	of	A	is	more	similar	to	the	plot	of	B	than	to
that	of	C	(or	vice	versa)?

The	first	step	toward	answering	these	questions	is	to	represent	the	bodies	of	text
(henceforth	referred	to	as	documents)	as	mathematical	quantities.	This	is	done
by	representing	these	documents	as	vectors.	In	other	words,	every	document	is
depicted	as	a	series	of	n	numbers,	where	each	number	represents	a	dimension
and	n	is	the	size	of	the	vocabulary	of	all	the	documents	put	together.

But	what	are	the	values	of	these	vectors?	The	answer	to	that	question	depends	on
the	vectorizer	we	are	using	to	convert	our	documents	into	vectors.	The	two	most
popular	vectorizers	are	CountVectorizer	and	TF-IDFVectorizer.



CountVectorizer
CountVectorizer	is	the	simplest	type	of	vectorizer	and	is	best	explained	with	the
help	of	an	example.	Imagine	that	we	have	three	documents,	A,	B,	and	C,	which
are	as	follows:

A:	The	sun	is	a	star.
B:	My	love	is	like	a	red,	red	rose
C:	Mary	had	a	little	lamb

We	now	have	to	convert	these	documents	into	their	vector	forms	using
CountVectorizer.	The	first	step	is	to	compute	the	size	of	the	vocabulary.	The
vocabulary	is	the	number	of	unique	words	present	across	all	documents.
Therefore,	the	vocabulary	for	this	set	of	three	documents	is	as	follows:	the,	sun,
is,	a,	star,	my,	love,	like,	red,	rose,	mary,	had,	little,	lamb.	Consequently,	the	size
of	the	vocabulary	is	14.

It	is	common	practice	to	not	include	extremely	common	words	such	as	a,	the,	is,
had,	my,	and	so	on	(also	known	as	stop	words)	in	the	vocabulary.	Therefore,
eliminating	the	stop	words,	our	vocabulary,	V,	is	as	follows:	V:	like,	little,	lamb,
love,	mary,	red,	rose,	sun,	star

The	size	of	our	vocabulary	is	now	nine.	Therefore,	our	documents	will	be
represented	as	nine-dimensional	vectors,	and	each	dimension	here	will	represent
the	number	of	times	a	particular	word	occurs	in	a	document.	In	other	words,	the
first	dimension	will	represent	the	number	of	times	like	occurs,	the	second	will
represent	the	number	of	times	little	occurs,	and	so	on.

Therefore,	using	the	CountVectorizer	approach,	A,	B,	and	C	will	now	be
represented	as	follows:

A:	(0,	0,	0,	0,	0,	0,	0,	1,	1)
B:	(1,	0,	0,	1,	0,	2,	1,	0,	0)
C:	(0,	1,	1,	0,	1,	0,	0,	0,	0)



TF-IDFVectorizer
Not	all	words	in	a	document	carry	equal	weight.	We	already	observed	this	when
we	eliminated	the	stop	words	from	our	vocabulary	altogether.	But	the	words	that
were	in	the	vocabulary	were	all	given	equal	weighting.

But	should	this	always	be	the	case?

For	example,	consider	a	corpus	of	documents	on	dogs.	Now,	it	is	obvious	that	all
these	documents	will	frequently	contain	the	word	dog.	Therefore,	the	appearance
of	the	word	dog	isn't	as	important	as	another	word	that	only	appears	in	a	few
documents.

TF-IDFVectorizer	(Term	Frequency-Inverse	Document	Frequency)takes	the
aforementioned	point	into	consideration	and	assigns	weights	to	each	word
according	to	the	following	formula.	For	every	word	i	in	document	j,	the
following	applies:	

In	this	formula,	the	following	is	true:

wi,	j	is	the	weight	of	word	i	in	document	j
dfi	is	the	number	of	documents	that	contain	the	term	i
N	is	the	total	number	of	documents

We	won't	go	too	much	into	the	formula	and	the	associated	calculations.	Just	keep
in	mind	that	the	weight	of	a	word	in	a	document	is	greater	if	it	occurs	more
frequently	in	that	document	and	is	present	in	fewer	documents.	The	weight	wi,j
takes	values	between	0	and	1:	



We	will	be	using	TF-IDFVectorizer	because	some	words	(pictured	in	the
preceding	word	cloud)	occur	much	more	frequently	in	plot	descriptions	than
others.	It	is	therefore	a	good	idea	to	assign	weights	to	each	word	in	a	document
according	to	the	TF-IDF	formula.

Another	reason	to	use	TF-IDF	is	that	it	speeds	up	the	calculation	of	the	cosine
similarity	score	between	a	pair	of	documents.	We	will	discuss	this	point	in
greater	detail	when	we	implement	this	in	code.



The	cosine	similarity	score
We	will	discuss	similarity	scores	in	detail	in	Chapter	5,	Getting	Started	with	Data
Mining	Techniques.	Presently,	we	will	make	use	of	the	cosine	similarity	metric	to
build	our	models.	The	cosine	score	is	extremely	robust	and	easy	to	calculate
(especially	when	used	in	conjunction	with	TF-IDFVectorizer).

The	cosine	similarity	score	between	two	documents,	x	and	y,	is	as	follows:

The	cosine	score	can	take	any	value	between	-1	and	1.	The	higher	the	cosine
score,	the	more	similar	the	documents	are	to	each	other.	We	now	have	a	good
theoretical	base	to	proceed	to	build	the	content-based	recommenders	using
Python.



Plot	description-based	recommender
	

Our	plot	description-based	recommender	will	take	in	a	movie	title	as	an
argument	and	output	a	list	of	movies	that	are	most	similar	based	on	their	plots.
These	are	the	steps	we	are	going	to	perform	in	building	this	model:

1.	 Obtain	the	data	required	to	build	the	model
2.	 Create	TF-IDF	vectors	for	the	plot	description	(or	overview)	of	every

movie
3.	 Compute	the	pairwise	cosine	similarity	score	of	every	movie
4.	 Write	the	recommender	function	that	takes	in	a	movie	title	as	an	argument

and	outputs	movies	most	similar	to	it	based	on	the	plot

	

	



Preparing	the	data
In	its	present	form,	the	DataFrame,	although	clean,	does	not	contain	the	features
that	are	required	to	build	the	plot	description-based	recommender.	Fortunately,
these	requisite	features	are	available	in	the	original	metadata	file.

All	we	have	to	do	is	import	them	and	add	them	to	our	DataFrame:

#Import	the	original	file

orig_df	=	pd.read_csv('../data/movies_metadata.csv',	low_memory=False)

#Add	the	useful	features	into	the	cleaned	dataframe

df['overview'],	df['id']	=	orig_df['overview'],	orig_df['id']

df.head()

The	DataFrame	should	now	contain	two	new	features:	overview	and	id.	We	will
use	overview	in	building	this	model	and	id	for	building	the	next.

The	overview	feature	consists	of	strings	and,	ideally,	we	should	clean	them	up	by
removing	all	punctuation	and	converting	all	the	words	to	lowercase.	However,	as
we	will	see	shortly,	all	this	will	be	done	for	us	automatically	by	scikit-learn,	the
library	we're	going	to	use	heavily	in	building	the	models	in	this	chapter.



Creating	the	TF-IDF	matrix
	

The	next	step	is	to	create	a	DataFrame	where	each	row	represents	the	TF-IDF
vector	of	the	overview	feature	of	the	corresponding	movie	in	our	main	DataFrame.
To	do	this,	we	will	use	the	scikit-learn	library,	which	gives	us	access	to	a
TfidfVectorizer	object	to	perform	this	process	effortlessly:

#Import	TfIdfVectorizer	from	the	scikit-learn	library

from	sklearn.feature_extraction.text	import	TfidfVectorizer

#Define	a	TF-IDF	Vectorizer	Object.	Remove	all	english	stopwords

tfidf	=	TfidfVectorizer(stop_words='english')

#Replace	NaN	with	an	empty	string

df['overview']	=	df['overview'].fillna('')

#Construct	the	required	TF-IDF	matrix	by	applying	the	fit_transform	method	on	the	

overview	feature

tfidf_matrix	=	tfidf.fit_transform(df['overview'])

#Output	the	shape	of	tfidf_matrix

tfidf_matrix.shape

OUTPUT:

(45466,	75827)

We	see	that	the	vectorizer	has	created	a	75,827-dimensional	vector	for	the
overview	of	every	movie.

	

	

	



Computing	the	cosine	similarity	score
The	next	step	is	to	calculate	the	pairwise	cosine	similarity	score	of	every	movie.
In	other	words,	we	are	going	to	create	a	45,466	×	45,466	matrix,	where	the	cell
in	the	ith	row	and	jth	column	represents	the	similarity	score	between	movies	i	and
j.	We	can	easily	see	that	this	matrix	is	symmetric	in	nature	and	every	element	in
the	diagonal	is	1,	since	it	is	the	similarity	score	of	the	movie	with	itself.

Like	TF-IDFVectorizer,	scikit-learn	also	has	functionality	for	computing	the
aforementioned	similarity	matrix.	Calculating	the	cosine	similarity	is,	however,	a
computationally	expensive	process.	Fortunately,	since	our	movie	plots	are
represented	as	TF-IDF	vectors,	their	magnitude	is	always	1.	Hence,	we	do	not
need	to	calculate	the	denominator	in	the	cosine	similarity	formula	as	it	will
always	be	1.	Our	work	is	now	reduced	to	computing	the	much	simpler	and
computationally	cheaper	dot	product	(a	functionality	that	is	also	provided	by
scikit-learn):	#	Import	linear_kernel	to	compute	the	dot	product
from	sklearn.metrics.pairwise	import	linear_kernel

#	Compute	the	cosine	similarity	matrix
cosine_sim	=	linear_kernel(tfidf_matrix,	tfidf_matrix)

Although	we're	computing	the	cheaper	dot	product,	the	process	will	still	take	a
few	minutes	to	complete.	With	the	similarity	scores	of	every	movie	with	every
other	movie,	we	are	now	in	a	very	good	position	to	write	our	final	recommender
function.



Building	the	recommender	function
The	final	step	is	to	create	our	recommender	function.	However,	before	we	do
that,	let's	create	a	reverse	mapping	of	movie	titles	and	their	respective	indices.	In
other	words,	let's	create	a	pandas	series	with	the	index	as	the	movie	title	and	the
value	as	the	corresponding	index	in	the	main	DataFrame:

#Construct	a	reverse	mapping	of	indices	and	movie	titles,	and	drop	duplicate	titles,	if	

any

indices	=	pd.Series(df.index,	index=df['title']).drop_duplicates()

We	will	perform	the	following	steps	in	building	the	recommender	function:

1.	 Declare	the	title	of	the	movie	as	an	argument.
2.	 Obtain	the	index	of	the	movie	from	the	indices	reverse	mapping.
3.	 Get	the	list	of	cosine	similarity	scores	for	that	particular	movie	with	all

movies	using	cosine_sim.	Convert	this	into	a	list	of	tuples	where	the	first
element	is	the	position	and	the	second	is	the	similarity	score.

4.	 Sort	this	list	of	tuples	on	the	basis	of	the	cosine	similarity	scores.
5.	 Get	the	top	10	elements	of	this	list.	Ignore	the	first	element	as	it	refers	to

the	similarity	score	with	itself	(the	movie	most	similar	to	a	particular	movie
is	obviously	the	movie	itself).

6.	 Return	the	titles	corresponding	to	the	indices	of	the	top	10	elements,
excluding	the	first:

#	Function	that	takes	in	movie	title	as	input	and	gives	recommendations	

def	content_recommender(title,	cosine_sim=cosine_sim,	df=df,	indices=indices):

				#	Obtain	the	index	of	the	movie	that	matches	the	title

				idx	=	indices[title]

				#	Get	the	pairwsie	similarity	scores	of	all	movies	with	that	movie

				#	And	convert	it	into	a	list	of	tuples	as	described	above

				sim_scores	=	list(enumerate(cosine_sim[idx]))

				#	Sort	the	movies	based	on	the	cosine	similarity	scores

				sim_scores	=	sorted(sim_scores,	key=lambda	x:	x[1],	reverse=True)

				#	Get	the	scores	of	the	10	most	similar	movies.	Ignore	the	first	movie.

				sim_scores	=	sim_scores[1:11]

				#	Get	the	movie	indices

				movie_indices	=	[i[0]	for	i	in	sim_scores]

				#	Return	the	top	10	most	similar	movies

				return	df['title'].iloc[movie_indices]



	

	

Congratulations!	You've	built	your	very	first	content-based	recommender.	Now
it	is	time	to	see	our	recommender	in	action!	Let's	ask	it	for	recommendations	of
movies	similar	to	The	Lion	King:

#Get	recommendations	for	The	Lion	King

content_recommender('The	Lion	King')

We	see	that	our	recommender	has	suggested	all	of	The	Lion	King's	sequels	in	its
top-10	list.	We	also	notice	that	most	of	the	movies	in	the	list	have	to	do	with
lions.

It	goes	without	saying	that	a	person	who	loves	The	Lion	King	is	very	likely	to
have	a	thing	for	Disney	movies.	They	may	also	prefer	to	watch	animated
movies.	Unfortunately,	our	plot	description	recommender	isn't	able	to	capture	all
this	information.

Therefore,	in	the	next	section,	we	will	build	a	recommender	that	uses	more
advanced	metadata,	such	as	genres,	cast,	crew,	and	keywords	(or	sub-genres).
This	recommender	will	be	able	to	do	a	much	better	job	of	identifying	an
individual's	taste	for	a	particular	director,	actor,	sub-genre,	and	so	on.



Metadata-based	recommender
We	will	largely	follow	the	same	steps	as	the	plot	description-based	recommender
to	build	our	metadata-based	model.	The	main	difference,	of	course,	is	in	the	type
of	data	we	use	to	build	the	model.



Preparing	the	data
To	build	this	model,	we	will	be	using	the	following	metdata:

The	genre	of	the	movie.
The	director	of	the	movie.	This	person	is	part	of	the	crew.
The	movie's	three	major	stars.	They	are	part	of	the	cast.
Sub-genres	or	keywords.

With	the	exception	of	genres,	our	DataFrames	(both	original	and	cleaned)	do	not
contain	the	data	that	we	require.	Therefore,	for	this	exercise,	we	will	need	to
download	two	additional	files:	credits.csv,	which	contains	information	on	the	cast
and	crew	of	the	movies,	and	keywords.csv,	which	contains	information	on	the	sub-
genres.

You	can	download	the	necessary	files	from	the	following	URL:	https://www.kaggle.com/rounakbanik/the-
movies-dataset/data.

Place	both	files	in	your	data	folder.	We	need	to	perform	a	good	amount	of
wrangling	before	the	data	is	converted	into	a	form	that	is	usable.	Let's	begin!



The	keywords	and	credits	datasets
Let's	start	by	loading	our	new	data	into	the	existing	Jupyter	Notebook:

#	Load	the	keywords	and	credits	files

cred_df	=	pd.read_csv('../data/credits.csv')

key_df	=	pd.read_csv('../data/keywords.csv')

#Print	the	head	of	the	credit	dataframe

cred_df.head()

#Print	the	head	of	the	keywords	dataframe

key_df.head()

We	can	see	that	the	cast,	crew,	and	the	keywords	are	in	the	familiar	list	of
dictionaries	form.	Just	like	genres,	we	have	to	reduce	them	to	a	string	or	a	list	of
strings.

Before	we	do	this,	however,	we	will	join	the	three	DataFrames	so	that	all	our
features	are	in	a	single	DataFrame.	Joining	pandas	DataFrames	is	identical	to
joining	tables	in	SQL.	The	key	we're	going	to	use	to	join	the	DataFrames	is	the
id	feature.	However,	in	order	to	use	this,	we	first	need	to	explicitly	convert	is
listed	as	an	ID.	This	is	clearly	bad	data.	Therefore,	we	should	fin
into	an	integer.	We	already	know	how	to	do	this:

#Convert	the	IDs	of	df	into	int

df['id']	=	df['id'].astype('int')

Running	the	preceding	code	results	in	a	ValueError.	On	closer	inspection,	we	see



that	1997-08-20	is	listed	as	an	ID.	This	is	clearly	bad	data.	Therefore,	we	should
find	all	the	rows	with	bad	IDs	and	remove	them	in	order	for	the	code	execution
to	be	successful:

#	Function	to	convert	all	non-integer	IDs	to	NaN

def	clean_ids(x):

				try:

								return	int(x)

				except:

								return	np.nan

#Clean	the	ids	of	df

df['id']	=	df['id'].apply(clean_ids)

#Filter	all	rows	that	have	a	null	ID

df	=	df[df['id'].notnull()]

We	are	now	in	a	good	position	to	convert	the	IDs	of	all	three	DataFrames	into
integers	and	merge	them	into	a	single	DataFrame:

#	Convert	IDs	into	integer

df['id']	=	df['id'].astype('int')

key_df['id']	=	key_df['id'].astype('int')

cred_df['id']	=	cred_df['id'].astype('int')

#	Merge	keywords	and	credits	into	your	main	metadata	dataframe

df	=	df.merge(cred_df,	on='id')

df	=	df.merge(key_df,	on='id')

#Display	the	head	of	the	merged	df

df.head()



Wrangling	keywords,	cast,	and	crew
Now	that	we	have	all	the	desired	features	in	a	single	DataFrame,	let's	convert
them	into	a	form	that	is	more	usable.	More	specifically,	these	are	the
transformations	we	will	be	looking	to	perform:

Convert	keywords	into	a	list	of	strings	where	each	string	is	a	keyword	(similar
to	genres).	We	will	include	only	the	top	three	keywords.	Therefore,	this	list
can	have	a	maximum	of	three	elements.
Convert	cast	into	a	list	of	strings	where	each	string	is	a	star.	Like	keywords,
we	will	only	include	the	top	three	stars	in	our	cast.
Convert	crew	into	director.	In	other	words,	we	will	extract	only	the	director
of	the	movie	and	ignore	all	other	crew	members.

The	first	step	is	to	convert	these	stringified	objects	into	native	Python	objects:

#	Convert	the	stringified	objects	into	the	native	python	objects

from	ast	import	literal_eval

features	=	['cast',	'crew',	'keywords',	'genres']

for	feature	in	features:

				df[feature]	=	df[feature].apply(literal_eval)

Next,	let's	extract	the	director	from	our	crew	list.	To	do	this,	we	will	first	examine
the	structure	of	the	dictionary	in	the	crew	list:

#Print	the	first	cast	member	of	the	first	movie	in	df

df.iloc[0]['crew'][0]

OUTPUT:

{'credit_id':	'52fe4284c3a36847f8024f49',

	'department':	'Directing',

	'gender':	2,

	'id':	7879,

	'job':	'Director',

	'name':	'John	Lasseter',

	'profile_path':	'/7EdqiNbr4FRjIhKHyPPdFfEEEFG.jpg'}

We	see	that	this	dictionary	consists	of	job	and	name	keys.	Since	we're	only
interested	in	the	director,	we	will	loop	through	all	the	crew	members	in	a
particular	list	and	extract	the	name	when	the	job	is	Director.	Let's	write	a	function
that	does	this:

#	Extract	the	director's	name.	If	director	is	not	listed,	return	NaN



def	get_director(x):

				for	crew_member	in	x:

								if	crew_member['job']	==	'Director':

												return	crew_member['name']

				return	np.nan

Now	that	we	have	the	get_director	function,	we	can	define	the	new	director
feature:

#Define	the	new	director	feature

df['director']	=	df['crew'].apply(get_director)

#Print	the	directors	of	the	first	five	movies

df['director'].head()

OUTPUT:

0	John	Lasseter

1	Joe	Johnston

2	Howard	Deutch

3	Forest	Whitaker

4	Charles	Shyer

Name:	director,	dtype:	object

Both	keywords	and	cast	are	dictionary	lists	as	well.	And,	in	both	cases,	we	need	to
extract	the	top	three	name	attributes	of	each	list.	Therefore,	we	can	write	a	single
function	to	wrangle	both	these	features.	Also,	just	like	keywords	and	cast,	we	will
only	consider	the	top	three	genres	for	every	movie:

#	Returns	the	list	top	3	elements	or	entire	list;	whichever	is	more.

def	generate_list(x):

				if	isinstance(x,	list):

								names	=	[ele['name']	for	ele	in	x]

								#Check	if	more	than	3	elements	exist.	If	yes,	return	only	first	three.	

								#If	no,	return	entire	list.

								if	len(names)	>	3:

												names	=	names[:3]

								return	names

				#Return	empty	list	in	case	of	missing/malformed	data

				return	[]

We	will	use	this	function	to	wrangle	our	cast	and	keywords	features.	We	will	also
only	consider	the	first	three	genres	listed:

#Apply	the	generate_list	function	to	cast	and	keywords

df['cast']	=	df['cast'].apply(generate_list)

df['keywords']	=	df['keywords'].apply(generate_list)

#Only	consider	a	maximum	of	3	genres

df['genres']	=	df['genres'].apply(lambda	x:	x[:3])

Let's	now	take	a	look	at	a	sample	of	our	wrangled	data:



#	Print	the	new	features	of	the	first	5	movies	along	with	title

df[['title',	'cast',	'director',	'keywords',	'genres']].head(3)

In	the	subsequent	steps,	we	are	going	to	use	a	vectorizer	to	build	document
vectors.	If	two	actors	had	the	same	first	name	(say,	Ryan	Reynolds	and	Ryan
Gosling),	the	vectorizer	will	treat	both	Ryans	as	the	same,	although	they	are
clearly	different	entities.	This	will	impact	the	quality	of	the	recommendations	we
receive.	If	a	person	likes	Ryan	Reynolds'	movies,	it	doesn't	imply	that	they	like
movies	by	all	Ryans.

Therefore,	the	last	step	is	to	strip	the	spaces	between	keywords,	and	actor	and
director	names,	and	convert	them	all	into	lowercase.	Therefore,	the	two	Ryans	in
the	preceding	example	will	become	ryangosling	and	ryanreynolds,	and	our
vectorizer	will	now	be	able	to	distinguish	between	them:

#	Function	to	sanitize	data	to	prevent	ambiguity.	

#	Removes	spaces	and	converts	to	lowercase

def	sanitize(x):

				if	isinstance(x,	list):

								#Strip	spaces	and	convert	to	lowercase

								return	[str.lower(i.replace("	",	""))	for	i	in	x]

				else:

								#Check	if	director	exists.	If	not,	return	empty	string

								if	isinstance(x,	str):

												return	str.lower(x.replace("	",	""))

								else:

												return	''

#Apply	the	generate_list	function	to	cast,	keywords,	director	and	genres

for	feature	in	['cast',	'director',	'genres',	'keywords']:

				df[feature]	=	df[feature].apply(sanitize)

	

	



Creating	the	metadata	soup
In	the	plot	description-based	recommender,	we	worked	with	a	single	overview
feature,	which	was	a	body	of	text.	Therefore,	we	were	able	to	apply	our
vectorizer	directly.

However,	this	is	not	the	case	with	our	metadata-based	recommender.	We	have
four	features	to	work	with,	of	which	three	are	lists	and	one	is	a	string.	What	we
need	to	do	is	create	a	soup	that	contains	the	actors,	director,	keywords,	and
genres.	This	way,	we	can	feed	this	soup	into	our	vectorizer	and	perform	similar
follow-up	steps	to	before:	#Function	that	creates	a	soup	out	of	the	desired
metadata
def	create_soup(x):
return	'	'.join(x['keywords'])	+	'	'	+	'	'.join(x['cast'])	+	'	'	+	x['director']	+	'	'	+	'
'.join(x['genres'])

With	this	function	in	hand,	we	create	the	soup	feature:

#	Create	the	new	soup	feature

df['soup']	=	df.apply(create_soup,	axis=1)

Let's	now	take	a	look	at	one	of	the	soup	values.	It	should	be	a	string	containing
words	that	represent	genres,	cast,	and	keywords:

#Display	the	soup	of	the	first	movie

df.iloc[0]['soup']

OUTPUT:

'jealousy	toy	boy	tomhanks	timallen	donrickles	johnlasseter	animation	comedy	family'

With	the	soup	created,	we	are	now	in	a	good	position	to	create	our	document
vectors,	compute	similarity	scores,	and	build	the	metadata-based	recommender
function.



Generating	the	recommendations
The	next	steps	are	almost	identical	to	the	corresponding	steps	from	the	previous
section.

Instead	of	using	TF-IDFVectorizer,	we	will	be	using	CountVectorizer.	This	is
because	using	TF-IDFVectorizer	will	accord	less	weight	to	actors	and	directors
who	have	acted	and	directed	in	a	relatively	larger	number	of	movies.

This	is	not	desirable,	as	we	do	not	want	to	penalize	artists	for	directing	or
appearing	in	more	movies:

#Define	a	new	CountVectorizer	object	and	create	vectors	for	the	soup

count	=	CountVectorizer(stop_words='english')

count_matrix	=	count.fit_transform(df['soup'])

Unfortunately,	using	CountVectorizer	means	that	we	are	forced	to	use	the	more
computationally	expensive	cosine_similarity	function	to	compute	our	scores:

#Import	cosine_similarity	function

from	sklearn.metrics.pairwise	import	cosine_similarity

#Compute	the	cosine	similarity	score	(equivalent	to	dot	product	for	tf-idf	vectors)

cosine_sim2	=	cosine_similarity(count_matrix,	count_matrix)

Since	we	dropped	a	few	movies	with	bad	indices,	we	need	to	construct	our
reverse	mapping	again.	Let's	do	that	as	the	next	step:

#	Reset	index	of	your	df	and	construct	reverse	mapping	again

df	=	df.reset_index()

indices2	=	pd.Series(df.index,	index=df['title'])

With	the	new	reverse	mapping	constructed	and	the	similarity	scores	computed,
we	can	reuse	the	content_recommender	function	defined	in	the	previous	section	by
passing	in	cosine_sim2	as	an	argument.	Let's	now	try	out	our	new	model	by	asking
recommendations	for	the	same	movie,	The	Lion	King:

content_recommender('The	Lion	King',	cosine_sim2,	df,	indices2)



The	recommendations	given	in	this	case	are	vastly	different	to	the	ones	that	our
plot	description-based	recommender	gave.	We	see	that	it	has	been	able	to	capture
more	information	than	just	lions.	Most	of	the	movies	in	the	list	are	animated	and
feature	anthropomorphic	characters.

Personally,	I	found	the	Pokemon:	Arceus	and	the	Jewel	of	Life	recommendation
especially	interesting.	Both	this	movie	and	The	Lion	King	feature	cartoon
anthropomorphic	characters	who	return	after	a	few	years	to	exact	revenge	on
those	who	had	wronged	them.



Suggestions	for	improvements
The	content-based	recommenders	we've	built	in	this	chapter	are,	of	course,
nowhere	near	the	powerful	models	used	in	the	industry.	There	is	still	plenty	of
scope	for	improvement.	In	this	section,	I	will	suggest	a	few	ideas	for	upgrading
the	recommenders	that	you've	already	built:

Experiment	with	the	number	of	keywords,	genres,	and	cast:	In	the
model	that	we	built,	we	considered	at	most	three	keywords,	genres,	and
actors	for	our	movies.	This	was,	however,	an	arbitrary	decision.	It	is	a	good
idea	to	experiment	with	the	number	of	these	features	in	order	to	be
considered	for	the	metadata	soup.

Come	up	with	more	well-defined	sub-genres:	Our	model	only	considered
the	first	three	keywords	that	appeared	in	the	keywords	list.	There	was,
however,	no	justification	for	doing	so.	In	fact,	it	is	entirely	possible	that
certain	keywords	appeared	in	only	one	movie	(thus	rendering	them	useless).
A	much	more	potent	technique	would	be	to	define,	as	with	the	genres,	a
definite	number	of	sub-genres	and	assign	only	these	sub-genres	to	the
movies.

Give	more	weight	to	the	director:	Our	model	gave	as	much	importance	to
the	director	as	to	the	actors.	However,	you	can	argue	that	the	character	of	a
movie	is	determined	more	by	the	former.	We	can	give	more	emphasis	to	the
director	by	mentioning	this	individual	multiple	times	in	our	soup	instead	of
just	once.	Experiment	with	the	number	of	repetitions	of	the	director	in	the
soup.

Consider	other	members	of	the	crew:	The	director	isn't	the	only	person
that	gives	the	movie	its	character.	You	can	also	consider	adding	other	crew
members,	such	as	producers	and	screenwriters,	to	your	soup.

Experiment	with	other	metadata:	We	only	considered	genres,	keywords,
and	credits	while	building	our	metadata	model.	However,	our	dataset
contains	plenty	of	other	features,	such	as	production	companies,	countries,
and	languages.	You	may	consider	these	data	points,	too,	as	they	may	be	able



to	capture	important	information	(such	as	if	two	movies	are	produced	by
Pixar).

Introduce	a	popularity	filter:	It	is	entirely	possible	that	two	movies	have
the	same	genres	and	sub-genres,	but	differ	wildly	in	quality	and	popularity.
In	such	cases,	you	may	want	to	introduce	a	popularity	filter	that	considers
the	n	most	similar	movies,	computes	a	weighted	rating,	and	displays	the	top
five	results.	You	have	already	learned	how	to	do	this	in	the	previous
chapter.



Summary
	

We	have	come	a	long	way	in	this	chapter.	We	first	learned	about	document
vectors	and	gained	a	brief	introduction	to	the	cosine	similarity	score.	Next,	we
built	a	recommender	that	identified	movies	with	similar	plot	descriptions.	We
then	proceeded	to	build	a	more	advanced	model	that	leveraged	the	power	of
other	metadata,	such	as	genres,	keywords,	and	credits.	Finally,	we	discussed	a
few	methods	by	which	we	could	improve	our	existing	system.

With	this,	we	formally	come	to	an	end	of	our	tour	of	content-based
recommendation	system.	In	the	next	chapters,	we	will	cover	what	is	arguably	the
most	popular	recommendation	model	in	the	industry	today:	collaborative
filtering.

	

	

	



Getting	Started	with	Data	Mining
Techniques
In	2003,	Linden,	Smith,	and	York	of	Amazon.com	published	a	paper	entitled
Item-to-Item	Collaborative	Filtering,	which	explained	how	product
recommendations	at	Amazon	work.	Since	then,	this	class	of	algorithmg	has	gone
on	to	dominate	the	industry	standard	for	recommendations.	Every	website	or	app
with	a	sizeable	user	base,	be	it	Netflix,	Amazon,	or	Facebook,	makes	use	of
some	form	of	collaborative	filters	to	suggest	items	(which	may	be	movies,

products,	or	friends):	

As	described	in	the	first	chapter,	collaborative	filters	try	to	leverage	the	power	of
the	community	to	give	reliable,	relevant,	and	sometime,	even	surprising
recommendations.	If	Alice	and	Bob	largely	like	the	same	movies	(say	The	Lion
King,	Aladdin,	and	Toy	Story)	and	Alice	also	likes	Finding	Nemo,	it	is
extremely	likely	that	Bob,	who	hasn't	watched	Finding	Nemo,	will	like	it	too.

We	will	be	building	powerful	collaborative	filters	in	the	next	chapter.	However,
before	we	do	that,	it	is	important	that	we	have	a	good	grasp	of	the	underlying
techniques,	principles,	and	algorithms	that	go	into	building	collaborative	filters.

Therefore,	in	this	chapter,	we	will	cover	the	following	topics:



Similarity	measures:	Given	two	items,	how	do	we	mathematically
quantify	how	different	or	similar	they	are	to	each	other?	Similarity
measures	help	us	in	answering	this	question.
We	have	already	made	use	of	a	similarity	measure	(the	cosine	score)	while
building	our	content	recommendation	engine.	In	this	chapter,	we	will	be
looking	at	a	few	other	popular	similarity	scores.
Dimensionality	reduction:	When	building	collaborative	filters,	we	are
usually	dealing	with	millions	of	users	rating	millions	of	items.	In	such
cases,	our	user	and	item	vectors	are	going	to	be	of	a	dimension	in	the	order
of	millions.	To	improve	performance,	speed	up	calculations,	and	avoid	the
curse	of	dimensionality,	it	is	often	a	good	idea	to	reduce	the	number	of
dimensions	considerably,	while	retaining	most	of	the	information.	This
section	of	the	chapter	will	describe	techniques	that	do	just	that.
Supervised	learning:	Supervised	learning	is	a	class	of	machine	learning
algorithm	that	makes	use	of	label	data	to	infer	a	mapping	function	that	can
then	be	used	to	predict	the	label	(or	class)	of	unlabeled	data.	We	will	be
looking	at	some	of	the	most	popular	supervised	learning	algorithms,	such	as
support	vector	machines,	logistic	regression,	decision	trees,	and
ensembling.
Clustering:	Clustering	is	a	type	of	unsupervised	learning	where	the
algorithm	tries	to	divide	all	the	data	points	into	a	certain	number	of	clusters.
Therefore,	without	the	use	of	a	label	dataset,	the	clustering	algorithm	is	able
to	assign	classes	to	all	the	unlabel	points.	In	this	section,	we	will	be	looking
at	k-means	clustering,	a	simple	but	powerful	algorithm	popularly	used	in
collaborative	filters.
Evaluation	methods	and	metrics:	We	will	take	a	look	at	a	few	evaluation
metrics	that	are	used	to	gauge	the	performance	of	these	algorithms.	The
metrics	include	accuracy,	precision,	and	recall.

The	topics	covered	in	this	chapter	merit	an	entire	textbook.	Since	this	is	a	hands-
on	recommendation	engine	tutorial,	we	will	not	be	delving	too	deeply	into	the
functioning	of	most	of	the	algorithms.	Nor	will	we	code	them	up	from	scratch.
What	we	will	do	is	gain	an	understanding	of	how	and	when	they	work,	their
advantages	and	disadvantages,	and	their	easy-to-use	implementations	using	the
scikit-learn	library.



Problem	statement
Collaborative	filtering	algorithms	try	to	solve	the	prediction	problem	(as
described	in	the	Chapter	1,	Getting	Started	with	Recommender	Systems).	In	other
words,	we	are	given	a	matrix	of	i	users	and	j	items.	The	value	in	the	ith	row	and
the	jth	column	(denoted	by	rij)	denotes	the	rating	given	by	user	i	to	item	j:	

Matrix	of	i	users	and	j	items

Our	job	is	to	complete	this	matrix.	In	other	words,	we	need	to	predict	all	the	cells
in	the	matrix	that	we	have	no	data	for.	For	example,	in	the	preceding	diagram,
we	are	asked	to	predict	whether	user	E	will	like	the	music	player	item.	To
accomplish	this	task,	some	ratings	are	available	(such	as	User	A	liking	the	music
player	and	video	games)	whereas	others	are	not	(for	instance,	we	do	not	know
whether	Users	C	and	D	like	video	games).



Similarity	measures
	

From	the	rating	matrix	in	the	previous	section,	we	see	that	every	user	can	be
represented	as	a	j-dimensional	vector	where	the	kth	dimension	denotes	the	rating
given	by	that	user	to	the	kth	item.	For	instance,	let	1	denote	a	like,	-1	denote	a
dislike,	and	0	denote	no	rating.	Therefore,	user	B	can	be	represented	as	(0,	1,	-1,
-1).	Similarly,	every	item	can	also	be	represented	as	an	i-dimensional	vector
where	the	kth	dimension	denotes	the	rating	given	to	that	item	by	the	kth	user.
The	video	games	item	is	therefore	represented	as	(1,	-1,	0,	0,	-1).

We	have	already	computed	a	similarity	score	for	like-dimensional	vectors	when
we	built	our	content-based	recommendation	engine.	In	this	section,	we	will	take
a	look	at	the	other	similarity	measures	and	also	revisit	the	cosine	similarity	score
in	the	context	of	the	other	scores.

	

	

	



Euclidean	distance
The	Euclidean	distance	can	be	defined	as	the	length	of	the	line	segment	joining
the	two	data	points	plotted	on	an	n-dimensional	Cartesian	plane.	For	example,
consider	two	points	plotted	in	a	2D	plane:

Euclidean	distance

The	distance,	d,	between	the	two	points	gives	us	the	Euclidean	distance	and	its
formula	in	the	2D	space	is	given	in	the	preceding	graph.

More	generally,	consider	two	n-dimensional	points	(or	vectors):

v1:	(q1,	q2,....,	qn)
v2:	(r1,	r2,.....,	rn)

Then,	the	Euclidean	score	is	mathematically	defined	as:

Euclidean	scores	can	take	any	value	between	0	and	infinity.	The	lower	the
Euclidean	score	(or	distance),	the	more	similar	the	two	vectors	are	to	each	other.
Let's	now	define	a	simple	function	using	NumPy,	which	allows	us	to	compute
the	Euclidean	distance	between	two	n-dimensional	vectors	using	the
aforementioned	formula:



#Function	to	compute	Euclidean	Distance.	

def	euclidean(v1,	v2):

				

				#Convert	1-D	Python	lists	to	numpy	vectors

				v1	=	np.array(v1)

				v2	=	np.array(v2)

				

				#Compute	vector	which	is	the	element	wise	square	of	the	difference

				diff	=	np.power(np.array(v1)-	np.array(v2),	2)

				

				#Perform	summation	of	the	elements	of	the	above	vector

				sigma_val	=	np.sum(diff)

				

				#Compute	square	root	and	return	final	Euclidean	score

				euclid_score	=	np.sqrt(sigma_val)

				

				return	euclid_score

Next,	let's	define	three	users	who	have	rated	five	different	movies:

#Define	3	users	with	ratings	for	5	movies

u1	=	[5,1,2,4,5]

u2	=	[1,5,4,2,1]

u3	=	[5,2,2,4,4]

From	the	ratings,	we	can	see	that	users	1	and	2	have	extremely	different	tastes,
whereas	the	tastes	of	users	1	and	3	are	largely	similar.	Let's	see	whether	the
Euclidean	distance	metric	is	able	to	capture	this:

euclidean(u1,	u2)

OUTPUT:

7.4833147735478827

The	Euclidean	distance	between	users	1	and	2	comes	out	to	be	approximately
7.48:

euclidean(u1,	u3)

OUTPUT:

1.4142135623730951

Users	1	and	3	have	a	much	smaller	Euclidean	score	between	them	than	users	1
and	2.	Therefore,	in	this	case,	the	Euclidean	distance	was	able	to	satisfactorily
capture	the	relationships	between	our	users.



Pearson	correlation
Consider	two	users,	Alice	and	Bob,	who	have	rated	the	same	five	movies.	Alice
is	extremely	stingy	with	her	ratings	and	never	gives	more	than	a	4	to	any	movie.
On	the	other	hand,	Bob	is	more	liberal	and	never	gives	anything	below	a	2	when
rating	movies.	Let's	define	the	matrices	representing	Alice	and	Bob	and	compute
their	Euclidean	distance:

alice	=	[1,1,3,2,4]

bob	=	[2,2,4,3,5]

euclidean(alice,	bob)

OUTPUT:

2.2360679774997898

We	get	a	Euclidean	distance	of	about	2.23.	However,	on	closer	inspection,	we
see	that	Bob	always	gives	a	rating	that	is	one	higher	than	Alice.	Therefore,	we
can	say	that	Alice	and	Bob's	ratings	are	extremely	correlated.	In	other	words,	if
we	know	Alice's	rating	for	a	movie,	we	can	compute	Bob's	rating	for	the	same
movie	with	high	accuracy	(in	this	case,	by	just	adding	1).

Consider	another	user,	Eve,	who	has	the	polar	opposite	tastes	to	Alice:

eve	=	[5,5,3,4,2]

euclidean(eve,	alice)

OUTPUT:

6.324555320336759

We	get	a	very	high	score	of	6.32,	which	indicates	that	the	two	people	are	very
dissimilar.	If	we	used	Euclidean	distances,	we	would	not	be	able	to	do	much
beyond	this.	However,	on	inspection,	we	see	that	the	sum	of	Alice's	and	Eve's
ratings	for	a	movie	always	add	up	to	6.	Therefore,	although	very	different
people,	one's	rating	can	be	used	to	accurately	predict	the	corresponding	rating	of
the	other.	Mathematically	speaking,	we	say	Alice's	and	Eve's	ratings	are	strongly
negatively	correlated.

Euclidean	distances	place	emphasis	on	magnitude,	and	in	the	process,	are	not
able	to	gauge	the	degree	of	similarity	or	dissimilarity	well.	This	is	where	the



Pearson	correlation	comes	into	the	picture.	The	Pearson	correlation	is	a	score
between	-1	and	1,	where	-1	indicates	total	negative	correlation	(as	in	the	case
with	Alice	and	Eve)	and	1	indicates	total	positive	correlation	(as	in	the	case	with
Alice	and	Bob),	whereas	0	indicates	that	the	two	entities	are	in	no	way	correlated
with	each	other	(or	are	independent	of	each	other).

Mathematically,	the	Pearson	correlation	is	defined	as	follows:

Here,	 	denotes	the	mean	of	all	the	elements	in	vector	i.

The	SciPy	package	gives	us	access	to	a	function	that	computes	the	Pearson
Similarity	Scores:

from	scipy.stats	import	pearsonr

pearsonr(alice,	bob)

OUTPUT:

(1.0,	0.0)

pearsonr(alice,	eve)

OUTPUT:

(-1.0,	0.0)

The	first	element	of	our	list	output	is	the	Pearson	score.	We	see	that	Alice	and
Bob	have	the	highest	possible	similarity	score,	whereas	Alice	and	Eve	have	the
lowest	possible	score.	
Can	you	guess	the	similarity	score	for	Bob	and	Eve?



Cosine	similarity
In	the	previous	chapter,	we	mathematically	defined	the	cosine	similarity	score
and	used	it	extensively	while	building	our	content-based	recommenders:

Mathematically,	the	Cosine	similarity	is	defined	as	follows:

The	cosine	similarity	score	computes	the	cosine	of	the	angle	between	two
vectors	in	an	n-dimensional	space.	When	the	cosine	score	is	1	(or	angle	is	0),	the
vectors	are	exactly	similar.	On	the	other	hand,	a	cosine	score	of	-1	(or	angle	180
degrees)	denotes	that	the	two	vectors	are	exactly	dissimilar	to	each	other.

Now,	consider	two	vectors,	x	and	y,	both	with	zero	mean.	We	see	that	when	this
is	the	case,	the	Pearson	correlation	score	is	exactly	the	same	as	the	cosine
similarity	Score.	In	other	words,	for	centered	vectors	with	zero	mean,	the
Pearson	correlation	is	the	cosine	similarity	score.

Different	similarity	scores	are	appropriate	in	different	scenarios.	For	cases	where
the	magnitude	is	important,	the	Euclidean	distance	is	an	appropriate	metric	to
use.	However,	as	we	saw	in	the	case	described	in	the	Pearson	correlation
subsection,	magnitude	is	not	as	important	to	us	as	correlation.	Therefore,	we	will



be	using	the	Pearson	and	the	cosine	similarity	scores	when	building	our	filters.



Clustering
One	of	the	main	ideas	behind	collaborative	filtering	is	that	if	user	A	has	the	same
opinion	of	a	product	as	user	B,	then	A	is	also	more	likely	to	have	the	same
opinion	as	B	on	another	product	than	that	of	a	randomly	chosen	user.

Clustering	is	one	of	the	most	popular	techniques	used	in	collaborative-filtering
algorithms.	It	is	a	type	of	unsupervised	learning	that	groups	data	points	into
different	classes	in	such	a	way	that	data	points	belonging	to	a	particular	class	are
more	similar	to	each	other	than	data	points	belonging	to	different	classes:

For	example,	imagine	that	all	our	users	were	plotted	on	a	two-dimensional
Cartesian	plane,	as	shown	in	the	preceding	graph.	The	job	of	a	clustering
algorithm	is	to	assign	classes	to	every	point	on	this	plane.	Just	like	the	similarity
measures,	there	is	no	one	clustering	algorithm	to	rule	them	all.	Each	algorithm
has	its	specific	use	case	and	is	suitable	only	in	certain	problems.	In	this	section,
we	will	be	looking	only	at	the	k-means	clustering	algorithm,	which	will	perform
a	satisfactory	job	is	assigning	classes	to	the	collection	of	preceding	points.	We
will	also	see	a	case	where	k-means	will	not	prove	to	be	suitable.



k-means	clustering
The	k-means	algorithm	is	one	of	the	simplest	yet	most	popular	machine	learning
algorithms.	It	takes	in	the	data	points	and	the	number	of	clusters	(k)	as	input.

Next,	it	randomly	plots	k	different	points	on	the	plane	(called	centroids).	After
the	k	centroids	are	randomly	plotted,	the	following	two	steps	are	repeatedly
performed	until	there	is	no	further	change	in	the	set	of	k	centroids:

Assignment	of	points	to	the	centroids:	Every	data	point	is	assigned	to	the
centroid	that	is	the	closest	to	it.	The	collection	of	data	points	assigned	to	a
particular	centroid	is	called	a	cluster.	Therefore,	the	assignment	of	points	to
k	centroids	results	in	the	formation	of	k	clusters.
Reassignment	of	centroids:	In	the	next	step,	the	centroid	of	every	cluster	is
recomputed	to	be	the	center	of	the	cluster	(or	the	average	of	all	the	points	in
the	cluster).	All	the	data	points	are	then	reassigned	to	the	new	centroids:

The	preceding	screenshot	shows	a	visualization	of	the	steps	involved	in	a	k-
means	clustering	algorithm,	with	the	number	of	assigned	clusters	as	two.

Some	sections	in	this	chapter	make	use	of	the	Matplotlib	and	Seaborn	libraries



for	visualizations.	You	don't	need	to	understand	the	plotting	code	written	as	part
of	this	book,	but	if	you're	still	interested,	you	can	find	the	official	matplotlib
tutorial	at	https://matplotlib.org/users/pyplot_tutorial.html	and	the	official	seaborn
tutorial	at	https://seaborn.pydata.org/tutorial.html.

We	will	not	be	implementing	the	k-means	algorithm	from	scratch.	Instead,	we
will	use	its	implementation	provided	by	scikit-learn.	As	a	first	step,	let's	access
the	data	points	as	plotted	in	the	beginning	of	this	section:

#Import	the	function	that	enables	us	to	plot	clusters

from	sklearn.datasets.samples_generator	import	make_blobs

#Get	points	such	that	they	form	3	visually	separable	clusters

X,	y	=	make_blobs(n_samples=300,	centers=3,

																							cluster_std=0.50,	random_state=0)

#Plot	the	points	on	a	scatterplot

plt.scatter(X[:,	0],	X[:,	1],	s=50)

One	of	the	most	important	steps	while	using	the	k-means	algorithm	is
determining	the	number	of	clusters.	In	this	case,	it	can	be	clearly	seen	from	the
plot	(and	the	code)	that	we've	plotted	the	points	in	such	a	way	that	they	form
three	clearly	separable	clusters.	Let's	now	apply	the	k-means	algorithm	via
scikit-learn	and	assess	its	performance:

#Import	the	K-Means	Class

from	sklearn.cluster	import	KMeans

#Initializr	the	K-Means	object.	Set	number	of	clusters	to	3,	

#centroid	initilalization	as	'random'	and	maximum	iterations	to	10

kmeans	=	KMeans(n_clusters=3,	init='random',	max_iter=10)

#Compute	the	K-Means	clustering	

kmeans.fit(X)

#Predict	the	classes	for	every	point

y_pred	=	kmeans.predict(X)

#Plot	the	data	points	again	but	with	different	colors	for	different	classes

plt.scatter(X[:,	0],	X[:,	1],	c=y_pred,	s=50)

#Get	the	list	of	the	final	centroids

centroids	=	kmeans.cluster_centers_

#Plot	the	centroids	onto	the	same	scatterplot.

plt.scatter(centroids[:,	0],	centroids[:,	1],	c='black',	s=100,	marker='X')

We	see	that	the	algorithm	proves	to	be	extremely	successful	in	identifying	the
three	clusters.	The	three	final	centroids	are	also	marked	with	an	X	on	the	plot:





Choosing	k
As	stated	in	the	previous	subsection,	choosing	a	good	value	of	k	is	vital	to	the
success	of	the	k-means	clustering	algorithm.	The	number	of	clusters	can	be
anywhere	between	1	and	the	total	number	of	data	points	(where	each	point	is
assigned	to	its	own	cluster).

Data	in	the	real	world	is	seldom	of	the	type	explored	previously,	where	the
points	formed	well	defined,	visually	separable	clusters	on	a	two-dimensional
plane.	There	are	several	methods	available	to	determine	a	good	value	of	K.	In
this	section,	we	will	explore	the	Elbow	method	of	determining	k.

The	Elbow	method	computes	the	sum	of	squares	for	each	value	of	k	and	chooses
the	elbow	point	of	the	sum-of-squares	v/s	K	plot	as	the	best	value	for	k.	The
elbow	point	is	defined	as	the	value	of	k	at	which	the	sum-of-squares	value	for
every	subsequent	k	starts	decreasing	much	more	slowly.

The	sum	of	squares	value	is	defined	as	the	sum	of	the	distances	of	each	data
point	to	the	centroid	of	the	cluster	to	which	it	was	assigned.	Mathematically,	it	is
expressed	as	follows:

Here,	Ck	is	the	kth	cluster	and	uk	is	the	corresponding	centroid	of	Ck.

Fortunately	for	us,	scikit-learn's	implementation	of	k-means	automatically
computes	the	value	of	sum-of-squares	when	it	is	computing	the	clusters.	Let's
now	visualize	the	Elbow	plot	for	our	data	and	determine	the	best	value	of	K:

#List	that	will	hold	the	sum	of	square	values	for	different	cluster	sizes

ss	=	[]

#We	will	compute	SS	for	cluster	sizes	between	1	and	8.

for	i	in	range(1,9):

				

				#Initialize	the	KMeans	object	and	call	the	fit	method	to	compute	clusters	

				kmeans	=	KMeans(n_clusters=i,	random_state=0,	max_iter=10,	init='random').fit(X)

				

				#Append	the	value	of	SS	for	a	particular	iteration	into	the	ss	list

				ss.append(kmeans.inertia_)



#Plot	the	Elbow	Plot	of	SS	v/s	K

sns.pointplot(x=[j	for	j	in	range(1,9)],	y=ss)

From	the	plot,	it	is	clear	that	the	Elbow	is	at	K=3.	From	what	we	visualized
earlier,	we	know	that	this	is	indeed	the	optimum	number	of	clusters	for	this	data.



Other	clustering	algorithms
The	k-means	algorithm,	although	very	powerful,	is	not	ideal	for	every	use	case.

To	illustrate,	let's	construct	a	plot	with	two	half	moons.	Like	the	preceding	blobs,
scikit-learn	gives	us	a	convenient	function	to	plot	half-moon	clusters:

#Import	the	half	moon	function	from	scikit-learn

from	sklearn.datasets	import	make_moons

#Get	access	to	points	using	the	make_moons	function

X_m,	y_m	=	make_moons(200,	noise=.05,	random_state=0)

#Plot	the	two	half	moon	clusters

plt.scatter(X_m[:,	0],	X_m[:,	1],	s=50)

Will	the	k-means	algorithm	be	able	to	figure	out	the	two	half	moons	correctly?
Let's	find	out:

#Initialize	K-Means	Object	with	K=2	(for	two	half	moons)	and	fit	it	to	our	data

kmm	=	KMeans(n_clusters=2,	init='random',	max_iter=10)

kmm.fit(X_m)

#Predict	the	classes	for	the	data	points

y_m_pred	=	kmm.predict(X_m)

#Plot	the	colored	clusters	as	identified	by	K-Means

plt.scatter(X_m[:,	0],	X_m[:,	1],	c=y_m_pred,	s=50)

Let's	now	visualize	what	k-means	thinks	the	two	clusters	that	exist	for	this	set	of
data	points	are:



We	see	that	the	k-means	algorithm	doesn't	do	a	very	good	job	of	identifying	the
correct	clusters.	For	clusters	such	as	these	half	moons,	another	algorithm,	called
spectral	clustering,	with	nearest-neighbor,	affinity	performs	much	better.

We	will	not	go	into	the	workings	of	spectral	clustering.	Instead,	we	will	use	its
scikit-learn	implementation	and	assess	its	performance	directly:

#Import	Spectral	Clustering	from	scikit-learn

from	sklearn.cluster	import	SpectralClustering

#Define	the	Spectral	Clustering	Model

model	=	SpectralClustering(n_clusters=2,	affinity='nearest_neighbors')

#Fit	and	predict	the	labels

y_m_sc	=	model.fit_predict(X_m)

#Plot	the	colored	clusters	as	identified	by	Spectral	Clustering

plt.scatter(X_m[:,	0],	X_m[:,	1],	c=y_m_sc,	s=50)

We	see	that	spectral	clustering	does	a	very	good	job	of	identifying	the	half-moon
clusters.

We	have	seen	that	different	clustering	algorithms	are	appropriate	in	different



cases.	The	same	applies	to	cases	of	collaborative	filters.	For	instance,	the
surprise	package,	which	we	will	visit	in	the	next	chapter,	has	an	implementation
of	a	collaborative	filter	that	makes	use	of	yet	another	clustering	algorithm,	called
co-clustering.	We	will	wrap	up	our	discussion	of	clustering	and	move	on	to
another	important	data	mining	technique:	dimensionality	reduction.



Dimensionality	reduction
	

Most	machine	learning	algorithms	tend	to	perform	poorly	as	the	number	of
dimensions	in	the	data	increases.	This	phenomenon	is	often	known	as	the	curse
of	dimensionality.	Therefore,	it	is	a	good	idea	to	reduce	the	number	of	features
available	in	the	data,	while	retaining	the	maximum	amount	of	information
possible.	There	are	two	ways	to	achieve	this:

Feature	selection:	This	method	involves	identifying	the	features	that	have
the	least	predictive	power	and	dropping	them	altogether.	Therefore,	feature
selection	involves	identifying	a	subset	of	features	that	is	most	important	for
that	particular	use	case.	An	important	distinction	of	feature	selection	is	that
it	maintains	the	original	meaning	of	every	retained	feature.	For	example,
let's	say	we	have	a	housing	dataset	with	price,	area,	and	number	of	rooms	as
features.	Now,	if	we	were	to	drop	the	area	feature,	the	remaining	price	and
number	of	rooms	features	will	still	mean	what	they	did	originally.
Feature	extraction:	Feature	extraction	takes	in	m-dimensional	data	and
transforms	it	into	an	n-dimensional	output	space	(usually	where	m	>>	n),
while	retaining	most	of	the	information.	However,	in	doing	so,	it	creates
new	features	that	have	no	inherent	meaning.	For	example,	if	we	took	the
same	housing	dataset	and	used	feature	extraction	to	output	it	into	a	2D
space,	the	new	features	won't	mean	price,	area,	or	number	of	rooms.	They
will	be	devoid	of	any	meaning.

In	this	section,	we	will	take	a	look	at	an	important	feature-extraction	method:
Principal	component	analysis	(or	PCA).

	

	

	



Principal	component	analysis
Principal	component	analysis	is	an	unsupervised	feature	extraction	algorithm
that	takes	in	m-dimensional	input	to	create	a	set	of	n	(m	>>	n)	linearly
uncorrelated	variables	(called	principal	components)	in	such	a	way	that	the	n
dimensions	lose	as	little	variance	(or	information)	as	possible	due	to	the	loss	of
the	(m-n)	dimensions.

The	linear	transformation	in	PCA	is	done	in	such	a	way	that	the	first	principal
component	holds	the	maximum	variance	(or	information).	It	does	so	by
considering	those	variables	that	are	highly	correlated	to	each	other.	Every
principal	component	has	more	variance	than	every	succeeding	component	and	is
orthogonal	to	the	preceding	component.

Consider	a	three-dimensional	space	where	two	features	are	highly	correlated	to
each	other	and	relatively	uncorrelated	to	the	third:

Let's	say	that	we	want	to	convert	this	into	a	two-dimensional	space.	To	do	this,
PCA	tries	to	identify	the	first	principal	component,	which	will	hold	the
maximum	possible	variance.	It	does	so	by	defining	a	new	dimension	using	the
two	highly	correlated	variables.	Now,	it	tries	to	define	the	next	dimension	in
such	a	way	that	it	holds	the	maximum	variance,	is	orthogonal	to	the	first
principal	component	constructed,	and	also	is	uncorrelated	to	it.	The	two	new
dimensions	(or	principal	components),	PC	1	and	PC	2,	are	shown	in	the
preceding	figure.



Understanding	the	PCA	algorithm	requires	linear	algebraic	concepts	that	are
beyond	the	scope	of	this	book.	Instead,	we	will	use	the	black	box
implementation	of	PCA	that	scikit-learn	gives	us	and	consider	a	use	case	with	the
well-known	Iris	dataset.

The	first	step	is	to	load	the	Iris	dataset	from	the	UCI	machine	learning	repository
into	a	pandas	DataFrame:

#	Load	the	Iris	dataset	into	Pandas	DataFrame

iris	=	pd.read_csv("https://archive.ics.uci.edu/ml/machine-learning-

databases/iris/iris.data",	

																	names=

['sepal_length','sepal_width','petal_length','petal_width','class'])

#Display	the	head	of	the	dataframe

iris.head()

The	PCA	algorithm	is	extremely	sensitive	to	scale.	Therefore,	we	are	going	to
scale	all	the	features	in	such	a	way	that	they	have	a	mean	of	0	and	a	variance	of
1:

#Import	Standard	Scaler	from	scikit-learn

from	sklearn.preprocessing	import	StandardScaler

#Separate	the	features	and	the	class

X	=	iris.drop('class',	axis=1)

y	=	iris['class']

#	Scale	the	features	of	X

X	=	pd.DataFrame(StandardScaler().fit_transform(X),	

																	columns	=	['sepal_length','sepal_width','petal_length','petal_width'])

X.head()



We're	now	in	a	good	place	to	apply	the	PCA	algorithm.	Let's	transform	our	data
into	the	two-dimensional	space:

#Import	PCA

from	sklearn.decomposition	import	PCA

#Intialize	a	PCA	object	to	transform	into	the	2D	Space.

pca	=	PCA(n_components=2)

#Apply	PCA

pca_iris	=	pca.fit_transform(X)

pca_iris	=	pd.DataFrame(data	=	pca_iris,	columns	=	['PC1',	'PC2'])

pca_iris.head()

The	scikit-Learn's	PCA	implementation	also	gives	us	information	about	the	ratio
of	variance	contained	by	each	principal	component:

pca.explained_variance_ratio

OUTPUT:

array([	0.72770452,	0.23030523])

We	see	that	the	first	principal	component	holds	about	72.8%	of	the	information,
whereas	the	second	principal	component	holds	about	23.3%.	In	total,	95.8%	of
the	information	is	retained,	whereas	4.2%	of	the	information	is	lost	in	removing
two	dimensions.

Finally,	let's	visualize	our	data	points	by	class	in	the	new	2D	plane:

#Concatenate	the	class	variable

pca_iris	=	pd.concat([pca_iris,	y],	axis	=	1)

#Display	the	scatterplot

sns.lmplot(x='PC1',	y='PC2',	data=pca_iris,	hue='class',	fit_reg=False)





Other	dimensionality	reduction
techniques



Linear-discriminant	analysis
Like	PCA,	linear-discriminant	analysis	is	a	linear	transformation	method	that
aims	to	transform	m-dimensional	data	into	an	n-dimensional	output	space.

However,	unlike	PCA,	which	tries	to	retain	the	maximum	information,	LDA
aims	to	identify	a	set	of	n	features	that	result	in	the	maximum	separation	(or
discrimination)	of	classes.	Since	LDA	requires	labeled	data	in	order	to	determine
its	components,	it	is	a	type	of	supervised	learning	algorithm.

Let's	now	apply	the	LDA	algorithm	to	the	Iris	dataset:

#Import	LDA

from	sklearn.discriminant_analysis	import	LinearDiscriminantAnalysis

#Define	the	LDA	Object	to	have	two	components

lda	=	LinearDiscriminantAnalysis(n_components	=	2)

#Apply	LDA

lda_iris	=	lda.fit_transform(X,	y)

lda_iris	=	pd.DataFrame(data	=	lda_iris,	columns	=	['C1',	'C2'])

#Concatenate	the	class	variable

lda_iris	=	pd.concat([lda_iris,	y],	axis	=	1)

#Display	the	scatterplot

sns.lmplot(x='C1',	y='C2',	data=lda_iris,	hue='class',	fit_reg=False)

We	see	that	the	classes	are	much	more	separable	than	in	PCA.



Singular	value	decomposition
	

Singular	value	decomposition,	or	SVD,	is	a	type	of	matrix	analysis	technique
that	allows	us	to	represent	a	high-dimensional	matrix	in	a	lower	dimension.	SVD
achieves	this	by	identifying	and	removing	the	less	important	parts	of	the	matrix
and	producing	an	approximation	in	the	desired	number	of	dimensions.

The	SVD	approach	to	collaborative	filtering	was	first	proposed	by	Simon	Funk
and	proved	to	be	extremely	popular	and	effective	during	the	Netflix	prize
competition.	Unfortunately,	understanding	SVD	requires	a	grasp	of	linear
algebraic	topics	that	are	beyond	the	scope	of	this	book.	However,	we	will	use	a
black	box	implementation	of	the	SVD	collaborative	filter	as	provided	by	the
surprise	package	in	the	next	chapter.

	

	

	



Supervised	learning
Supervised	learning	is	a	class	of	machine	learning	algorithm	that	takes	in	a	series
of	vectors	and	their	corresponding	output	(a	continuous	value	or	a	class)	as
input,	and	produces	an	inferred	function	that	can	be	used	to	map	new	examples.

An	important	precondition	for	using	supervised	learning	is	the	availability	of
labeled	data.	In	other	words,	it	is	necessary	that	we	have	access	to	input	for
which	we	already	know	the	correct	output.

Supervised	learning	can	be	classified	into	two	types:	classification	and
regression.	A	classification	problem	has	a	discrete	set	of	values	as	the	target
variable	(for	instance,	a	like	and	a	dislike),	whereas	a	regression	problem	has	a
continuous	value	as	its	target	(for	instance,	an	average	rating	between	one	and
five).

Consider	the	rating	matrix	defined	earlier.	It	is	possible	to	treat	(m-1)	columns	as
the	input	and	the	mth	column	as	the	target	variable.	In	this	way,	it	should	be
possible	to	predict	an	unavailable	value	in	the	mth	column	by	passing	in	the
corresponding	(m-1)	dimensional	vector.

Supervised	learning	is	one	of	the	most	mature	subfields	of	machine	learning	and,
as	a	result,	there	are	plenty	of	potent	algorithms	available	for	performing
accurate	predictions.	In	this	section,	we	will	look	at	some	of	the	most	popular
algorithms	used	successfully	in	a	variety	of	applications	(including	collaborative
filters).



k-nearest	neighbors
	

k-nearest	neighbors	(k-NN)	is	perhaps	the	simplest	machine	learning
algorithm.	In	the	case	of	classification,	it	assigns	a	class	to	a	particular	data	point
by	a	majority	vote	of	its	k	nearest	neighbors.	In	other	words,	the	data	point	is
assigned	the	class	that	is	the	most	common	among	its	k-nearest	neighbors.	In	the
case	of	regression,	it	computes	the	average	value	for	the	target	variable	based	on
its	k-nearest	neighbors.

Unlike	most	machine	learning	algorithms,	k-NN	is	non-parametric	and	lazy	in
nature.	The	former	means	that	k-NN	does	not	make	any	underlying	assumptions
about	the	distribution	of	the	data.	In	other	words,	the	model	structure	is
determined	by	the	data.	The	latter	means	that	k-NN	undergoes	virtually	no
training.	It	only	computes	the	k-nearest	neighbors	of	a	particular	point	in	the
prediction	phase.	This	also	means	that	the	k-NN	model	needs	to	have	access	to
the	training	data	at	all	times	and	cannot	discard	it	during	prediction	like	its	sister
algorithms.

	

	

	



Classification

k-NN	classification	is	best	explained	with	the	help	of	an	example.	Consider	a
dataset	that	has	binary	classes	(represented	as	the	blue	squares	and	the	red
triangles).	k-NN	now	plots	this	into	n-dimensional	space	(in	this	case,	two
dimensions).

Let's	say	we	want	to	predict	the	class	of	the	green	circle.	Before	the	k-NN
algorithm	can	make	predictions,	it	needs	to	know	the	number	of	nearest
neighbors	that	have	to	be	taken	into	consideration	(the	value	of	k).	k	is	usually
odd	(to	avoid	ties	in	the	case	of	binary	classification).

Consider	the	case	where	k=3.

k-NN	computes	the	distance	metric	(usually	the	Euclidean	distance)	from	the
green	circle	to	every	other	point	in	the	training	dataset	and	selects	the	three	data
points	that	are	closest	to	it.	In	this	case,	these	are	the	points	contained	in	the	solid
inner	circle.
The	next	step	is	to	determine	the	majority	class	among	the	three	points.	There
are	two	red	triangles	and	one	blue	square.	Therefore,	the	green	circle	is	assigned
the	class	of	red	triangle.

Now,	consider	the	case	where	k=5.

In	this	case,	the	nearest	neighbors	are	all	the	points	contained	within	the	dotted
outer	circle.	This	time	around,	we	have	two	red	triangles	and	three	blue	squares.



Therefore,	the	green	circle	is	assigned	the	class	of	blue	square.

From	the	preceding	case,	it	is	clear	that	the	value	of	k	is	extremely	significant	in
determining	the	final	class	assigned	to	a	data	point.	It	is	often	a	good	practice	to
test	different	values	of	k	and	assess	its	performance	with	your	cross-validation
and	test	datasets.



Regression
k-NN	regression	works	in	almost	the	same	way.	Instead	of	classes,	we	compute
the	property	values	of	the	k-NN.

Imagine	that	we	have	a	housing	dataset	and	we're	trying	to	predict	the	price	of	a
house.	The	price	of	a	particular	house	will	therefore	be	determined	by	the
average	of	the	prices	of	the	houses	of	its	k	nearest	neighbors.	As	with
classification,	the	final	target	value	may	differ	depending	on	the	value	of	k.

For	the	rest	of	the	algorithms	in	this	section,	we	will	go	through	only	the	classification
process.	However,	just	like	k-NN,	most	algorithms	require	only	very	slight	modifications	to	be
suitable	for	use	in	a	regression	problem.



Support	vector	machines
The	support	vector	machine	is	one	of	the	most	popular	classification	algorithms
used	in	the	industry.	It	takes	in	an	n-dimensional	dataset	as	input	and	constructs
an	(n-1)	dimensional	hyperplane	in	such	a	way	that	there	is	maximum	separation
of	classes.

Consider	the	visualization	of	a	binary	dataset	in	the	following	screenshot:

The	preceding	graph	shows	three	possible	hyperplanes	(the	straight	lines)	that
separate	the	two	classes.	However,	the	solid	line	is	the	one	with	the	maximum
margin.	In	other	words,	it	is	the	hyperplane	that	maximally	separates	the	two
classes.	Also,	it	divides	the	entire	plane	into	two	regions.	Any	point	below	the
hyperplane	will	be	classified	as	a	red	square,	and	any	point	above	will	be
classified	as	a	blue	circle.

The	SVM	model	is	only	dependent	on	support	vectors;	these	are	the	points	that
determine	the	maximum	margin	possible	between	the	two	classes.	In	the
preceding	graph,	the	filled	squares	and	circles	are	the	support	vectors.	The	rest
of	the	points	do	not	have	an	effect	on	the	workings	of	the	SVM:



SVMs	are	also	capable	of	separating	classes	that	are	not	linearly	separable	(such
as	in	the	preceding	figure).	It	does	so	with	special	tools,	called	radial	kernel
functions,	that	plot	the	points	in	a	higher	dimension	and	attempt	to	construct	a
maximum	margin	hyperplane	there.



Decision	trees
Decision	trees	are	extremely	fast	and	simple	tree-based	algorithms	that	branch
out	on	features	that	result	in	the	largest	information	gain.	Decision	trees,
although	not	very	accurate,	are	extremely	interpretable.

We	will	not	delve	into	the	inner	workings	of	the	decision	tree,	but	we	will	see	it
in	action	via	a	visualization:

Let's	say	we	want	to	classify	the	Iris	dataset	using	a	decision	tree.	A	decision	tree
performing	the	classification	is	shown	in	the	preceding	diagram.	We	start	at	the
top	and	go	deeper	into	the	tree	until	we	reach	a	leaf	node.



For	example,	if	the	petal	width	of	a	flower	is	less	than	0.8	cm,	we	reach	a	leaf
node	and	it	gets	classified	as	setosa.	If	not,	it	goes	into	the	other	branch	and	the
process	continues	until	a	leaf	node	is	reached.

Decision	trees	have	an	element	of	randomness	in	their	workings	and	come	up
with	different	conditions	in	different	iterations.	As	stated	before,	they	are	also
not	very	accurate	in	their	predictions.	However,	their	randomness	and	fast
execution	make	them	extremely	popular	in	ensemble	models,	which	will	be
explained	in	the	next	section.



Ensembling
The	main	idea	behind	ensembling	is	that	the	predictive	power	of	multiple
algorithms	is	much	greater	than	a	single	algorithm.	Decision	trees	are	the	most
common	base	algorithm	used	when	building	ensembling	models.



Bagging	and	random	forests
Bagging	is	short	for	bootstrap	aggregating.	Like	most	other	ensemble	methods,	it
averages	over	a	large	number	of	base	classification	models	and	averages	their
results	to	deliver	its	final	prediction.

These	are	the	steps	involved	in	building	a	bagging	model:

1.	 A	certain	percentage	of	the	data	points	are	sampled	(say	10%).	The
Sampling	is	done	with	replacement.	In	other	words,	a	particular	data	point
can	appear	in	multiple	iterations.

2.	 A	baseline	classification	model	(typically	a	decision	tree)	is	trained	on	this
sampled	data.

3.	 This	process	is	repeated	until	n	number	of	models	are	trained.	The	final
prediction	delivered	by	the	bagging	model	is	the	average	of	all	the
predictions	of	all	the	base	models.

An	improvement	on	the	bagging	model	is	the	random	forest	model.	In	addition
to	sampling	data	points,	the	random	forest	ensemble	method	also	forces	each
baseline	model	to	randomly	select	a	subset	of	the	features	(usually	a	number
equal	to	the	square	root	of	the	total	number	of	features):

Selecting	a	subset	of	samples,	as	well	as	features,	to	build	the	baseline	decision
trees	greatly	enhances	the	randomness	of	each	individual	tree.	This,	in	turn,



increases	the	robustness	of	the	random	forest	and	allows	it	to	perform	extremely
well	with	noisy	data.

Additionally,	building	baseline	models	from	a	subset	of	features	and	analyzing
their	contribution	to	the	final	prediction	also	allows	the	random	forest	to
determine	the	importance	of	each	feature.	It	is	therefore	possible	to	perform
feature-selection	using	random	forests	(recall	that	feature-selection	is	a	type	of
dimensionality	reduction).



Boosting
The	bagging	and	the	random	forest	models	train	baseline	models	that	are
completely	independent	of	each	other.	Therefore,	they	do	not	learn	from	the
mistakes	that	each	learner	has	made.	This	is	where	boosting	comes	into	play.

Like	random	forests,	boosting	models	build	a	baseline	model	using	a	subset	of
samples	and	features.	However,	while	building	the	next	learners,	the	boosting
model	tries	to	rectify	the	mistakes	that	the	previous	learners	made.	Different
boosting	algorithms	do	this	in	different	ways.

For	example,	the	original	boosting	algorithm	simply	added	50%	of	the
misclassified	samples	to	the	second	learner,	and	all	the	samples	that	the	first	two
learners	disagree	upon	to	build	the	third	and	final	learner.	This	ensemble	of	three
learners	was	then	used	to	make	predictions.

Boosting	algorithms	are	extremely	robust	and	routinely	provide	high
performance.	This	makes	them	extremely	popular	in	data	science	competitions
and,	as	far	as	we	are	concerned,	in	building	powerful	collaborative	filters.

The	scikit-learn	gives	us	access	to	implementations	of	all	the	algorithms
described	in	this	section.	The	usage	of	every	algorithm	is	almost	the	same.	As	an
illustration,	let's	apply	gradient	boosting	to	classify	the	Iris	dataset:	#Divide	the
dataset	into	the	feature	dataframe	and	the	target	class	series.
X,	y	=	iris.drop('class',	axis=1),	iris['class']

#Split	the	data	into	training	and	test	datasets.	
#We	will	train	on	75%	of	the	data	and	assess	our	performance	on	25%	of	the
data

#Import	the	splitting	function
from	sklearn.model_selection	import	train_test_split

#Split	the	data	into	training	and	test	sets
X_train,	X_test,	y_train,	y_test	=	train_test_split(X,	y,	test_size=0.25,



random_state=0)

#Import	the	Gradient	Boosting	Classifier
from	sklearn.ensemble	import	GradientBoostingClassifier

#Apply	Gradient	Boosting	to	the	training	data
gbc	=	GradientBoostingClassifier()
gbc.fit(X_train,	y_train)

#Compute	the	accuracy	on	the	test	set
gbc.score(X_test,	y_test)

OUTPUT:
0.97368421052631582

We	see	that	the	classifier	achieves	a	97.3%	accuracy	on	the	unseen	test	data.
Like	random	forests,	gradient	boosting	machines	are	able	to	gauge	the	predictive
power	of	each	feature.	Let's	plot	the	feature	importances	of	the	Iris	dataset:
#Display	a	bar	plot	of	feature	importances
sns.barplot(x=	['sepal_length','sepal_width','petal_length','petal_width'],
y=gbc.feature_importances_)



Evaluation	metrics
In	this	section,	we	will	take	a	look	at	a	few	metrics	that	will	allow	us	to
mathematically	quantify	the	performance	of	our	classifiers,	regressors,	and
filters.	



Accuracy
Accuracy	is	the	most	widely	used	metric	to	gauge	the	performance	of	a
classification	model.	It	is	the	ratio	of	the	number	of	correct	predictions	to	the
total	number	of	predictions	made	by	the	model:

																																																																	



Root	mean	square	error
The	Root	Mean	Square	Error	(or	RMSE)	is	a	metric	widely	used	to	gauge	the
performance	of	regressors.	Mathematically,	it	is	represented	as	follows:

																																																																	

Here,	 	is	the	ith	real	target	value	and	 	is	the	ith	predicted	target	value.



Binary	classification	metrics
Sometimes,	accuracy	does	not	give	us	a	good	estimate	of	the	performance	of	a
model.

For	instance,	consider	a	binary	class	dataset	where	99%	of	the	data	belongs	to
one	class	and	only	1%	of	the	data	belongs	to	the	other	class.	Now,	if	a	classifier
were	to	always	predict	the	majority	class	for	every	data	point,	it	would	have	99%
accuracy.	But	that	wouldn't	mean	that	the	classifier	is	performing	well.

For	such	cases,	we	make	use	of	other	metrics.	To	understand	them,	we	first	need
to	define	a	few	terms:

True	positive	(TP):	True	positive	refers	to	all	cases	where	the	actual	and
the	predicted	classes	are	both	positive
True	negative	(TN):	True	negative	refers	to	all	cases	where	the	actual	and
the	predicted	classes	are	both	negative
False	positive	(FP):	These	are	all	the	cases	where	the	actual	class	is
negative	but	the	predicted	class	is	positive
False	negative	(FN):	These	are	all	the	cases	where	the	actual	class	is
positive	but	the	predicted	class	is	negative

To	illustrate,	consider	a	test	that	tries	to	determine	whether	a	person	has	cancer.
If	the	test	predicts	that	a	person	does	have	cancer	when	in	fact	they	don't,	it	is	a
false	positive.	On	the	other	hand,	if	the	test	fails	to	detect	cancer	in	a	person
actually	suffering	from	it,	it	is	a	false	negative.



Precision
The	precision	is	the	ratio	of	the	number	of	positive	cases	that	were	correct	to	all
the	cases	that	were	identified	as	positive.	Mathematically,	it	looks	like	this:

																																																																	



Recall
The	recall	is	the	ratio	of	the	number	of	positive	cases	that	were	identified	to	the
all	positive	cases	present	in	the	dataset:

																																																																	



F1	score
The	F1	score	is	a	metric	that	conveys	the	balance	between	precision	and	recall.	It
is	the	harmonic	mean	of	the	precision	and	recall.	An	F1	score	of	1	implies
perfect	precision	and	recall,	whereas	a	score	of	0	implies	precision	and	recall	are
not	possible:

																																																																	



Summary
In	this	chapter,	we	have	covered	a	lot	of	topics	that	will	help	us	to	build	powerful
collaborative	filters.	We	took	a	look	at	clustering,	a	form	of	unsupervised
learning	algorithm	that	could	help	us	to	segregate	users	into	well	defined
clusters.	Next,	we	went	through	a	few	dimensionality	reduction	techniques	to
overcome	the	curse	of	dimensionality	and	improve	the	performance	of	our
learning	algorithms.

The	subsequent	section	dealt	with	supervised	learning	algorithms,	and	finally	we
ended	the	chapter	with	a	brief	overview	of	various	evaluation	metrics.

The	topics	covered	in	this	chapter	merit	an	entire	book	and	we	did	not	analyze
the	techniques	in	the	depth	usually	required	of	machine	learning	engineers.
However,	what	we	have	learned	in	this	chapter	should	be	sufficient	to	help	us
build	and	understand	collaborative	filters,	which	is	one	of	the	main	objectives	of
this	book.	In	case	you're	interested,	a	more	detailed	treatment	of	the	topics
presented	in	this	chapter	is	available	in	an	excellent	book	entitled	Python
Machine	Learning	by	Sebastian	Thrun.



Building	Collaborative	Filters
	

In	the	previous	chapter,	we	mathematically	defined	the	collaborative	filtering
problem	and	gained	an	understanding	of	various	data	mining	techniques	that	we
assumed	would	be	useful	in	solving	this	problem.

The	time	has	finally	come	for	us	to	put	our	skills	to	the	test.	In	the	first	section,
we	will	construct	a	well-defined	framework	that	will	allow	us	to	build	and	test
our	collaborative	filtering	models	effortlessly.	This	framework	will	consist	of	the
data,	the	evaluation	metric,	and	a	corresponding	function	to	compute	that	metric
for	a	given	model.

	

	

	



Technical	requirements
You	will	be	required	to	have	Python	installed	on	a	system.	Finally,	to	use	the	Git
repository	of	this	book,	the	user	needs	to	install	Git.

The	code	files	of	this	chapter	can	be	found	on	GitHub:
https://github.com/PacktPublishing/Hands-On-Recommendation-Systems-with-Python.

Check	out	the	following	video	to	see	the	code	in	action:	http://bit.ly/2mFmgRo.



The	framework
Just	like	the	knowledge-based	and	content-based	recommenders,	we	will	build
our	collaborative	filtering	models	in	the	context	of	movies.	Since	collaborative
filtering	demands	data	on	user	behavior,	we	will	be	using	a	different	dataset
known	as	MovieLens.



The	MovieLens	dataset
The	MovieLens	dataset	is	made	publicly	available	by	GroupLens	Research,	a
computer	science	lab	at	the	University	of	Minnesota.	It	is	one	of	the	most
popular	benchmark	datasets	used	to	test	the	potency	of	various	collaborative
filtering	models	and	is	usually	available	in	most	recommender	libraries	and
packages:



MovieLens	gives	us	user	ratings	on	a	variety	of	movies	and	is	available	in
various	sizes.	The	full	version	consists	of	more	than	26,000,000	ratings	applied



to	45,000	movies	by	270,000	users.	However,	for	the	sake	of	fast	computation,
we	will	be	using	the	much	smaller	100,000	dataset,	which	contains	100,000
ratings	applied	by	1,000	users	to	1,700	movies.



Downloading	the	dataset
Without	any	further	ado,	let's	go	ahead	and	download	the	100,000	dataset.	The
dataset	available	on	the	official	GroupLens	site	does	not	provide	us	with	user
demographic	information	anymore.	Therefore,	we	will	use	a	legacy	dataset	made
available	on	Kaggle	by	Prajit	Datta.

Download	the	MovieLens	100,000	dataset	at	https://www.kaggle.com/prajitdatta/movielens-100k-dataset/dat
a.

Unzip	the	folder	and	rename	it	movielens.	Next,	move	this	folder	into	the	data
folder	within	RecoSys.	The	MovieLens	dataset	should	contain	around	23	files.
However,	the	only	files	we	are	interested	in	are	u.data,	u.user,	and	u.item.	Let's
explore	these	files	in	the	next	section.



Exploring	the	data
As	mentioned	in	the	previous	section,	we	are	only	interested	in	three	files	in	the
movielens	folder:	u.data,	u.user,	and	u.item.	Although	these	files	are	not	in	CSV
format,	the	code	required	to	load	them	into	a	Pandas	DataFrame	is	almost
identical.

Let's	start	with	u.user:

#Load	the	u.user	file	into	a	dataframe

u_cols	=	['user_id',	'age',	'sex',	'occupation',	'zip_code']

users	=	pd.read_csv('../data/movielens/u.user',	sep='|',	names=u_cols,

	encoding='latin-1')

users.head()

Here	is	its	output:

We	see	that	the	u.user	file	contains	demographic	information	about	our	users,
such	as	their	age,	sex,	occupation,	and	zip_code.

Next,	let's	take	a	look	at	the	u.item	file,	which	gives	us	information	about	the
movies	that	have	been	rated	by	our	users:

#Load	the	u.items	file	into	a	dataframe

i_cols	=	['movie_id',	'title'	,'release	date','video	release	date',	'IMDb	URL',	

'unknown',	'Action',	'Adventure',

	'Animation',	'Children\'s',	'Comedy',	'Crime',	'Documentary',	'Drama',	'Fantasy',

	'Film-Noir',	'Horror',	'Musical',	'Mystery',	'Romance',	'Sci-Fi',	'Thriller',	'War',	

'Western']

movies	=	pd.read_csv('../data/movielens/u.item',	sep='|',	names=i_cols,	

encoding='latin-1')

movies.head()



Here	is	its	output:

We	see	that	this	file	gives	us	information	regarding	the	movie's	title,	release	date,
IMDb	URL,	and	its	genre(s).	Since	we	are	focused	on	building	only
collaborative	filters	in	this	chapter,	we	do	not	require	any	of	this	information,
apart	from	the	movie	title	and	its	corresponding	ID:

#Remove	all	information	except	Movie	ID	and	title

movies	=	movies[['movie_id',	'title']]

Lastly,	let's	import	the	u.data	file	into	our	notebook.	This	is	arguably	the	most
important	file	as	it	contains	all	the	ratings	that	every	user	has	given	to	a	movie.	It
is	from	this	file	that	we	will	construct	our	ratings	matrix:

#Load	the	u.data	file	into	a	dataframe

r_cols	=	['user_id',	'movie_id',	'rating',	'timestamp']

ratings	=	pd.read_csv('../data/movielens/u.data',	sep='\t',	names=r_cols,

	encoding='latin-1')

ratings.head()

Here	is	its	output:



We	see	that	every	row	in	our	new	ratings	DataFrame	denotes	a	rating	given	by	a
user	to	a	particular	movie	at	a	particular	time.	However,	for	the	purposes	of	the
exercises	in	this	chapter,	we	are	not	really	worried	about	the	time	at	which	the
ratings	were	given.	Therefore,	we	will	just	go	ahead	and	drop	it:

#Drop	the	timestamp	column

ratings	=	ratings.drop('timestamp',	axis=1)



Training	and	test	data
The	ratings	DataFrame	contains	user	ratings	for	movies	that	range	from	1	to	5.
Therefore,	we	can	model	this	problem	as	an	instance	of	supervised	learning
where	we	need	to	predict	the	rating,	given	a	user	and	a	movie.	Although	the
ratings	can	take	on	only	five	discrete	values,	we	will	model	this	as	a	regression
problem.

Consider	a	case	where	the	true	rating	given	by	a	user	to	a	movie	is	5.	A
classification	model	will	not	distinguish	between	the	predicted	ratings	of	1	and
4.	It	will	treat	both	as	misclassified.	However,	a	regression	model	will	penalize
the	former	more	than	the	latter,	which	is	the	behavior	we	want.

As	we	saw	in	Chapter	5,	Getting	Started	with	Data	Mining	Techniques,	one	of	the
first	steps	towards	building	a	supervised	learning	model	is	to	construct	the	test
and	training	sets.	The	model	will	learn	using	the	training	dataset	and	its	potency
will	be	judged	using	the	testing	dataset.

Let's	now	split	our	ratings	dataset	in	such	a	way	that	75%	of	a	user's	ratings	is	in
the	training	dataset	and	25%	is	in	the	testing	dataset.	We	will	do	this	using	a
slightly	hacky	way:	we	will	assume	that	the	user_id	field	is	the	target	variable	(or
y)	and	that	our	ratings	DataFrame	consists	of	the	predictor	variables	(or	X).	We
will	then	pass	these	two	variables	into	scikit-learn's	train_test_split	function	and
stratify	it	along	y.	This	ensures	that	the	proportion	of	each	class	is	the	same	in
both	the	training	and	testing	datasets:	#Import	the	train_test_split	function
from	sklearn.model_selection	import	train_test_split

#Assign	X	as	the	original	ratings	dataframe	and	y	as	the	user_id	column	of
ratings.
X	=	ratings.copy()
y	=	ratings['user_id']

#Split	into	training	and	test	datasets,	stratified	along	user_id
X_train,	X_test,	y_train,	y_test	=	train_test_split(X,	y,	test_size	=	0.25,
stratify=y,	random_state=42)



Evaluation
We	know	from	Chapter	5,	Getting	Started	with	Data	Mining	Techniques	that	the
RMSE,	or	root	mean	squared	error,	is	the	most	commonly	used	performance
metric	for	regressors.	We	will	be	using	the	RMSE	to	assess	our	modeling
performance	too.	scikit-learn	already	gives	us	an	implementation	of	the	mean
squared	error.	So,	all	that	we	have	to	do	is	define	a	function	that	returns	the
square	root	of	the	value	returned	by	mean_squared_error:

#Import	the	mean_squared_error	function

from	sklearn.metrics	import	mean_squared_error

#Function	that	computes	the	root	mean	squared	error	(or	RMSE)

def	rmse(y_true,	y_pred):

				return	np.sqrt(mean_squared_error(y_true,	y_pred))

Next,	let's	define	our	baseline	collaborative	filter	model.	All	our	collaborative
filter	(or	CF)	models	will	take	in	a	user_id	and	movie_id	as	input	and	output	a
floating	point	number	between	1	and	5.	We	define	our	baseline	model	in	such	a
way	that	it	returns	3	regardless	of	user_id	or	movie_id:

#Define	the	baseline	model	to	always	return	3.

def	baseline(user_id,	movie_id):

				return	3.0

To	test	the	potency	of	our	model,	we	compute	the	RMSE	obtained	by	that
particular	model	for	all	user-movie	pairs	in	the	test	dataset:

#Function	to	compute	the	RMSE	score	obtained	on	the	testing	set	by	a	model

def	score(cf_model):

				

				#Construct	a	list	of	user-movie	tuples	from	the	testing	dataset

				id_pairs	=	zip(X_test['user_id'],	X_test['movie_id'])

				

				#Predict	the	rating	for	every	user-movie	tuple

				y_pred	=	np.array([cf_model(user,	movie)	for	(user,	movie)	in	id_pairs])

				

				#Extract	the	actual	ratings	given	by	the	users	in	the	test	data

				y_true	=	np.array(X_test['rating'])

				

				#Return	the	final	RMSE	score

				return	rmse(y_true,	y_pred)

We're	all	set.	Let's	now	compute	the	RMSE	obtained	by	our	baseline	model:

score(baseline)



OUTPUT:

1.2470926188539486

	

We	obtain	a	score	of	1.247.	For	the	models	that	we	build	in	the	subsequent
sections,	we	will	try	to	obtain	an	RMSE	that	is	less	than	that	obtained	for	the
baseline.



User-based	collaborative	filtering
In	Chapter	1,	Getting	Started	with	Recommender	Systems,	we	learned	what	user-
based	collaborative	filters	do:	they	find	users	similar	to	a	particular	user	and	then
recommend	products	that	those	users	have	liked	to	the	first	user.

In	this	section,	we	will	implement	this	idea	in	code.	We	will	build	filters	of
increasing	complexity	and	gauge	their	performance	using	the	framework	we
constructed	in	the	previous	section.

To	aid	us	in	this	process,	let's	first	build	a	ratings	matrix	(described	in	Chapters	1,
Getting	Started	with	Recommender	Systems	and	Chapter	5,	Getting	Started	with
Data	Mining	Techniques)	where	each	row	represents	a	user	and	each	column
represents	a	movie.	Therefore,	the	value	in	the	ith	row	and	jth	column	will	denote
the	rating	given	by	user	i	to	movie	j.	As	usual,	pandas	gives	us	a	very	useful
function,	called	pivot_table,	to	construct	this	matrix	from	our	ratings	DataFrame:

#Build	the	ratings	matrix	using	pivot_table	function

r_matrix	=	X_train.pivot_table(values='rating',	index='user_id',	columns='movie_id')

r_matrix.head()

Here	is	its	output:

We	now	have	a	new	r_matrix	DataFrame,	where	each	row	is	a	user	and	each
column	is	a	movie.	Also,	notice	that	most	values	in	the	DataFrame	are
unspecified.	This	gives	us	a	picture	of	how	sparse	our	matrix	is.

	



Mean
Let's	first	build	one	of	the	simplest	collaborative	filters	possible.	This	simply
takes	in	user_id	and	movie_id	and	outputs	the	mean	rating	for	the	movie	by	all	the
users	who	have	rated	it.	No	distinction	is	made	between	the	users.	In	other
words,	the	rating	of	each	user	is	assigned	equal	weight.

It	is	possible	that	some	movies	are	available	only	in	the	test	set	and	not	the
training	set	(and	consequentially,	not	in	our	ratings	matrix).	In	such	cases,	we
will	just	default	to	a	rating	of	3.0,	like	the	baseline	model:

#User	Based	Collaborative	Filter	using	Mean	Ratings

def	cf_user_mean(user_id,	movie_id):

				

				#Check	if	movie_id	exists	in	r_matrix

				if	movie_id	in	r_matrix:

								#Compute	the	mean	of	all	the	ratings	given	to	the	movie

								mean_rating	=	r_matrix[movie_id].mean()

				

				else:

								#Default	to	a	rating	of	3.0	in	the	absence	of	any	information

								mean_rating	=	3.0

				

				return	mean_rating

#Compute	RMSE	for	the	Mean	model

score(cf_user_mean)

OUTPUT:

1.0234701463131335

We	see	that	the	score	obtained	for	this	model	is	lower	and	therefore	better	than
the	baseline.



Weighted	mean
In	the	previous	model,	we	assigned	equal	weights	to	all	the	users.	However,	it
makes	intuitive	sense	to	give	more	preference	to	those	users	whose	ratings	are
similar	to	the	user	in	question	than	the	other	users	whose	ratings	are	not.

Therefore,	let's	alter	our	previous	model	by	introducing	a	weight	coefficient.
This	coefficient	will	be	one	of	the	similarity	metrics	that	we	computed	in	the
previous	chapter.	Mathematically,	it	is	represented	as	follows:	

	

In	this	formula,	ru,m	represents	the	rating	given	by	user	u	to	movie	m.

For	the	sake	of	this	exercise,	we	will	use	the	cosine	score	as	our	similarity
function	(or	sim).	Recall	how	we	constructed	a	movie	cosine	similarity	matrix
while	building	our	content-based	engine.	We	will	be	building	a	very	similar
cosine	similarity	matrix	for	our	users	in	this	section.

However,	scikit-learn's	cosine_similarity	function	does	not	work	with	NaN	values.
Therefore,	we	will	convert	all	missing	values	to	zero	in	order	to	compute	our
cosine	similarity	matrix:	#Create	a	dummy	ratings	matrix	with	all	null	values
imputed	to	0
r_matrix_dummy	=	r_matrix.copy().fillna(0)

#	Import	cosine_score	
from	sklearn.metrics.pairwise	import	cosine_similarity

#Compute	the	cosine	similarity	matrix	using	the	dummy	ratings	matrix
cosine_sim	=	cosine_similarity(r_matrix_dummy,	r_matrix_dummy)

#Convert	into	pandas	dataframe	
cosine_sim	=	pd.DataFrame(cosine_sim,	index=r_matrix.index,



columns=r_matrix.index)

cosine_sim.head(10)

Here	is	its	output:

With	the	user	cosine	similarity	matrix	in	hand,	we	are	now	in	a	position	to
efficiently	calculate	the	weighted	mean	scores	for	this	model.	However,
implementing	this	model	in	code	is	a	little	more	nuanced	than	its	simpler	mean
counterpart.	This	is	because	we	need	to	only	consider	those	cosine	similarity
scores	that	have	a	corresponding,	non-null	rating.	In	other	words,	we	need	to
avoid	all	users	that	have	not	rated	movie	m:

#User	Based	Collaborative	Filter	using	Weighted	Mean	Ratings

def	cf_user_wmean(user_id,	movie_id):

				

				#Check	if	movie_id	exists	in	r_matrix

				if	movie_id	in	r_matrix:

								

								#Get	the	similarity	scores	for	the	user	in	question	with	every	other	user

								sim_scores	=	cosine_sim[user_id]

								#Get	the	user	ratings	for	the	movie	in	question

								m_ratings	=	r_matrix[movie_id]

								#Extract	the	indices	containing	NaN	in	the	m_ratings	series

								idx	=	m_ratings[m_ratings.isnull()].index

								#Drop	the	NaN	values	from	the	m_ratings	Series

								m_ratings	=	m_ratings.dropna()

								#Drop	the	corresponding	cosine	scores	from	the	sim_scores	series

								sim_scores	=	sim_scores.drop(idx)

								

								#Compute	the	final	weighted	mean

								wmean_rating	=	np.dot(sim_scores,	m_ratings)/	sim_scores.sum()

				

				else:



	#Default	to	a	rating	of	3.0	in	the	absence	of	any	information

	wmean_rating	=	3.0

	

	return	wmean_rating

score(cf_user_wmean)

OUTPUT:

1.0174483808407588

Since	we	are	dealing	with	positive	ratings,	the	cosine	similarity	score	will
always	be	positive.	Therefore,	we	do	not	need	to	explicitly	add	in	a	modulus
function	while	computing	the	normalizing	factor	(the	denominator	of	the
equation	that	ensures	the	final	rating	is	scaled	back	to	between	1	and	5).

	

However,	if	you're	working	with	a	similarity	metric	that	can	be	negative	in	this
scenario	(for	instance,	the	Pearson	correlation	score),	it	is	important	that	we
factor	in	the	modulus.

Running	this	code	takes	significantly	more	time	than	the	previous	model.
However,	we	achieve	a	(very	small)	improvement	in	our	RMSE	score.



User	demographics
Finally,	let's	take	a	look	at	filters	that	leverage	user	demographic	information.
The	basic	intuition	behind	these	filter	is	that	users	of	the	same	demographic	tend
to	have	similar	tastes.	Therefore,	their	effectiveness	depends	on	the	assumption
that	women,	or	teenagers,	or	people	from	the	same	area	will	share	the	same	taste
in	movies.

Unlike	the	previous	models,	these	filters	do	not	take	into	account	the	ratings
given	by	all	users	to	a	particular	movie.	Instead,	they	only	look	at	those	users
that	fit	a	certain	demographic.

Let's	now	build	a	gender	demographic	filter.	All	this	filter	does	is	identify	the
gender	of	a	user,	compute	the	(weighted)	mean	rating	of	a	movie	by	that
particular	gender,	and	return	that	as	the	predicted	value.

Our	ratings	DataFrame	does	not	contain	the	users'	demographics.	We	will	import
that	information	from	the	users	DataFrame	by	merging	them	into	one	(using
pandas,	as	usual).	Readers	familiar	with	SQL	can	see	that	this	is	extremely
similar	to	the	JOIN	functionality:

#Merge	the	original	users	dataframe	with	the	training	set	

merged_df	=	pd.merge(X_train,	users)

merged_df.head()

Here	is	its	output:

Next,	we	need	to	compute	the	mean	rating	of	each	movie	by	gender.	Pandas	makes
this	possible	with	the	groupby	method:



#Compute	the	mean	rating	of	every	movie	by	gender

gender_mean	=	merged_df[['movie_id',	'sex',	'rating']].groupby(['movie_id',	'sex'])									

['rating'].mean()

We	are	now	in	a	position	to	define	a	function	that	identifies	the	gender	of	the
user,	extracts	the	average	rating	given	to	the	movie	in	question	by	that	particular
gender,	and	return	that	value	as	output:

#Set	the	index	of	the	users	dataframe	to	the	user_id

users	=	users.set_index('user_id')

#Gender	Based	Collaborative	Filter	using	Mean	Ratings

def	cf_gender(user_id,	movie_id):

				

				#Check	if	movie_id	exists	in	r_matrix	(or	training	set)

				if	movie_id	in	r_matrix:

								#Identify	the	gender	of	the	user

								gender	=	users.loc[user_id]['sex']

								

								#Check	if	the	gender	has	rated	the	movie

								if	gender	in	gender_mean[movie_id]:

												

												#Compute	the	mean	rating	given	by	that	gender	to	the	movie

												gender_rating	=	gender_mean[movie_id][gender]

								

								else:

												gender_rating	=	3.0

				

				else:

								#Default	to	a	rating	of	3.0	in	the	absence	of	any	information

								gender_rating	=	3.0

				

				return	gender_rating

score(cf_gender)

OUTPUT:

1.0330308800874282

We	see	that	this	model	actually	performs	worse	than	the	standard	mean	ratings
collaborative	filter.	This	indicates	that	a	user's	gender	isn't	the	strongest	indicator
of	their	taste	in	movies.

Let's	try	building	one	more	demographic	filter,	but	this	time	using	both	gender
and	occupation:

#Compute	the	mean	rating	by	gender	and	occupation

gen_occ_mean	=	merged_df[['sex',	'rating',	'movie_id',	'occupation']].pivot_table(

				values='rating',	index='movie_id',	columns=['occupation',	'sex'],	aggfunc='mean')

gen_occ_mean.head()

We	see	that	the	pivot_table	method	gives	us	the	required	DataFrame.	However,
this	could	have	been	done	using	groupby	too.	pivot_table	is	simply	a	more	compact,



easier-to-use	interface	for	the	groupby	method:

#Gender	and	Occupation	Based	Collaborative	Filter	using	Mean	Ratings

def	cf_gen_occ(user_id,	movie_id):

				

				#Check	if	movie_id	exists	in	gen_occ_mean

				if	movie_id	in	gen_occ_mean.index:

								

								#Identify	the	user

								user	=	users.loc[user_id]

								

								#Identify	the	gender	and	occupation

								gender	=	user['sex']

								occ	=	user['occupation']

								

								#Check	if	the	occupation	has	rated	the	movie

								if	occ	in	gen_occ_mean.loc[movie_id]:

												

												#Check	if	the	gender	has	rated	the	movie

												if	gender	in	gen_occ_mean.loc[movie_id][occ]:

																

																#Extract	the	required	rating

																rating	=	gen_occ_mean.loc[movie_id][occ][gender]

																

																#Default	to	3.0	if	the	rating	is	null

																if	np.isnan(rating):

																				rating	=	3.0

																

																return	rating

												

				#Return	the	default	rating	

				return	3.0

score(cf_gen_occ)

OUTPUT:

1.1391976012043645

We	see	that	this	model	performs	the	worst	out	of	all	the	filters	we've	built	so	far,
beating	only	the	baseline.	This	strongly	suggests	that	tinkering	with	user
demographic	data	may	not	be	the	best	way	to	go	forward	with	the	data	that	we
are	currently	using.	However,	you	are	encouraged	to	try	different	permutations
and	combinations	of	user	demographics	to	see	what	performs	best.	You	are	also
encouraged	to	try	other	techniques	of	improving	the	model,	such	as	using	a
weighted	mean	for	the	aggfunc	of	the	pivot_table	and	experimenting	with	different
(perhaps	more	informed)	default	ratings.



Item-based	collaborative	filtering
Item-based	collaborative	filtering	is	essentially	user-based	collaborative	filtering
where	the	users	now	play	the	role	that	items	played,	and	vice	versa.

In	item-based	collaborative	filtering,	we	compute	the	pairwise	similarity	of
every	item	in	the	inventory.	Then,	given	user_id	and	movie_id,	we	compute	the
weighted	mean	of	the	ratings	given	by	the	user	to	all	the	items	they	have	rated.
The	basic	idea	behind	this	model	is	that	a	particular	user	is	likely	to	rate	two
items	that	are	similar	to	each	other	similarly.

Building	an	item-based	collaborative	filter	is	left	as	an	exercise	to	the	reader.
The	steps	involved	are	exactly	the	same	except	now,	as	mentioned	earlier,	the
movies	and	users	have	swapped	places.



Model-based	approaches
	

The	collaborative	filters	we	have	built	thus	far	are	known	as	memory-based
filters.	This	is	because	they	only	make	use	of	similarity	metrics	to	come	up	with
their	results.	They	learn	any	parameters	from	the	data	or	assign	classes/clusters
to	the	data.	In	other	words,	they	do	not	make	use	of	machine	learning
algorithms.

In	this	section,	we	will	take	a	look	at	some	filters	that	do.	We	spent	an	entire
chapter	looking	at	various	supervised	and	unsupervised	learning	techniques.	The
time	has	finally	come	to	see	them	in	action	and	test	their	potency.

	

	

	



Clustering
In	our	weighted	mean-based	filter,	we	took	every	user	into	consideration	when
trying	to	predict	the	final	rating.	In	contrast,	our	demographic-based	filters	only
took	users	that	fit	a	certain	demographic	into	consideration.	We	saw	that	the
demographic	filters	performed	poorly	compared	to	the	weighted	mean	filter.

But	does	this	necessarily	imply	that	we	need	to	take	all	users	into	consideration
to	achieve	better	results?

One	of	the	major	drawbacks	of	the	demographic	filters	was	that	they	were	based
on	the	assumption	that	people	from	a	certain	demographic	think	and	rate	alike.
However,	we	can	safely	say	that	this	is	an	overreached	assumption.	Not	all	men
like	action	movies.	Nor	do	all	children	like	animated	movies.	Similarly,	it	is
extremely	far-fetched	to	assume	that	people	from	a	particular	area	or	occupation
will	have	the	same	taste.

We	need	to	come	up	with	a	way	of	grouping	users	with	a	much	more	powerful
metric	than	demographics.	From	Chapter	5,	Getting	Started	with	Data	Mining
Techniques,	we	already	know	of	one	extremely	powerful	tool:	clustering.

It	is	possible	to	use	a	clustering	algorithm,	such	as	k-means,	to	group	users	into	a
cluster	and	then	take	only	the	users	from	the	same	cluster	into	consideration
when	predicting	ratings.

In	this	section,	we	will	use	k-means'	sister	algorithm,	kNN,	to	build	our
clustering-based	collaborative	filter.	In	a	nutshell,	given	an	user,	u,	and	a	movie,
m,	these	are	the	steps	involved:

1.	 Find	the	k-nearest	neighbors	of	u	who	have	rated	movie	m
2.	 Output	the	average	rating	of	the	k	users	for	the	movie	m

That's	it.	This	extremely	simply	algorithm	happens	to	be	one	of	the	most
popularly	used.

Just	like	kNN,	we	will	not	be	implementing	the	kNN-based	collaborative	filter



from	scratch.	Instead,	we	will	use	an	extremely	popular	and	robust	library	called
surprise:

Surprise	is	a	scikit	(or	scientific	kit)	for	building	recommender	systems	in
Python.	You	can	think	of	it	as	scikit-learn's	recommender	systems	counterpart.
According	to	its	documentation,	surprise	stands	for	Simple	Python
Recommendation	System	Engine.	Within	a	very	short	span	of	time,	surprise	has
gone	on	to	become	one	of	the	most	popularly	used	recommender	libraries.	This
is	because	it	is	extremely	robust	and	easy	to	use.	It	gives	us	ready-to-use
implementations	of	most	of	the	popular	collaborative	filtering	algorithms	and
also	allows	us	to	integrate	an	algorithm	of	our	own	into	the	framework.

To	download	surprise,	like	any	other	Python	library,	open	up	your	Terminal	and
type	the	following	command:

sudo	pip3	install	scikit-surprise

Let's	now	build	and	evaluate	our	kNN-based	collaborative	filter.	Although
surprise	has	the	MovieLens	datasets	available	within	the	library,	we	will	still	use
the	external	data	we	have	in	order	to	get	a	feel	for	using	the	library	with	alien
datasets:



#Import	the	required	classes	and	methods	from	the	surprise	library

from	surprise	import	Reader,	Dataset,	KNNBasic,	evaluate

#Define	a	Reader	object

#The	Reader	object	helps	in	parsing	the	file	or	dataframe	containing	ratings

reader	=	Reader()

#Create	the	dataset	to	be	used	for	building	the	filter

data	=	Dataset.load_from_df(ratings,	reader)

#Define	the	algorithm	object;	in	this	case	kNN

knn	=	KNNBasic()

#Evaluate	the	performance	in	terms	of	RMSE

evaluate(knn,	data,	measures=['RMSE'])

Here	is	its	output:

The	output	indicates	that	the	filter	is	making	use	of	a	technique	known	as
fivefold	cross-validation.	In	a	nutshell,	this	means	that	surprise	divides	the	data
into	five	equal	parts.	It	then	uses	four	parts	as	the	training	data	and	tests	it	on	the
fifth	part.	This	is	done	five	times,	in	such	a	way	that	every	part	plays	the	role	of
the	test	data	once.

We	see	that	the	RMSE	obtained	by	this	model	is	0.9784.	This	is,	by	far,	the	best



result	we	have	achieved.

Let's	now	take	a	tour	of	some	other	model-based	approaches	to	collaborative
filtering	and	implement	a	few	of	them	using	the	surprise	library.



Supervised	learning	and
dimensionality	reduction
Consider	our	ratings	matrix	once	again.	It	is	of	the	m	×	n	shape,	where	every	row
represents	one	of	the	m	users	and	every	column	represents	one	of	the	n	items.

Let's	now	remove	one	of	the	n	columns	(say	nj).	We	now	have	an	m	×	(n-1)
matrix.	If	we	treat	the	m	×	(n-1)	matrix	as	the	predictor	variables	and	nj	as	the
target	variable,	we	can	use	supervised	learning	algorithms	to	train	on	the	values
available	in	nj	to	predict	values	that	are	not.	This	can	be	repeated	n	times	for
every	column	to	eventually	complete	our	matrix.

One	big	problem	is	that	most	supervised	learning	algorithms	do	not	work	with
missing	data.	In	standard	problems,	it	is	common	practice	to	impute	the	missing
values	with	the	mean	or	median	of	the	column	it	belongs	to.

However,	our	matrix	suffers	from	heavy	data	sparsity.	More	than	99%	of	the	data
in	the	matrix	is	unavailable.	Therefore,	it	is	simply	not	possible	to	impute	values
(such	as	mean	or	median)	without	introducing	a	large	bias.

One	solution	that	may	come	to	mind	is	to	compress	the	predictor	matrix	in	such
a	way	that	all	the	values	are	available.	Unfortunately,	dimensionality	reduction
techniques,	such	as	SVD	and	PCA,	also	do	not	work	in	an	environment	with
missing	values.

While	working	toward	a	solution	for	the	Netflix	Problem,	Simon	Funk	came	up
with	a	solution	that	could	be	used	to	reduce	the	m	×	(n-1)	matrix	into	a	lower-
dimensional	m	×	d	matrix	where	d	<<	n.	He	used	standard	dimensionality-
reduction	techniques	(in	his	case,	the	SVD)	but	with	slight	tweaks.	Explaining
the	technique	is	outside	the	scope	of	this	book,	but	is	presented	in	the	Appendix
for	advanced	readers.	For	the	sake	of	this	chapter,	we	will	treat	this	technique	as
a	black	box	that	converts	an	m	×	n	sparse	matrix	into	an	m	×	d	dense	matrix
where	d	<<	n,	and	call	it	SVD-like.



Let's	now	turn	our	attention	to	perhaps	the	most	famous	recommendation
algorithm	of	all	time:	singular-value	decomposition.



Singular-value	decomposition
In	Chapter	5,	Getting	Started	with	Data	Mining	Techniques,	we	mentioned	that	the
math	behind	singular-value	decomposition	is	well	outside	the	scope	of	this	book.
However,	let's	try	to	gain	an	understanding	of	how	it	works	from	a	layman's
perspective.

Recall	from	Chapter	5,	Getting	Started	with	Data	Mining	Techniques,	that	PCA	(
Principal	Component	Analysis)	transforms	an	m	×	n	matrix	into	n,	m-
dimensional	vectors	(called	principal	components)	in	such	a	way	that	each
component	is	orthogonal	to	the	next	component.	It	also	constructs	these
components	in	such	a	way	that	the	first	component	holds	the	most	variance	(or
information),	followed	by	the	second	component,	and	so	on.

Let's	denote	our	ratings	matrix	as	A.	The	transpose	of	this	matrix	would	be	AT,
which	would	be	of	the	n	×	m	shape	and	each	row	would	represent	a	movie
(instead	of	a	user).

We	can	now	use	PCA	to	construct	two	new	matrices,	U	and	V,	from	A	and	AT,
respectively.

Singular-value	decomposition	allows	us	to	compute	U	and	V	in	one	go	from	A:

In	essence,	singular-value	decomposition	is	a	matrix-factorization	technique.	It
takes	in	an	input,	A,	and	outputs	U	and	V	such	that:

Where	 	is	a	diagonal	matrix.	It	is	used	for	scaling	purposes	and,	for	the	sake	of



this	illustration,	can	be	assumed	to	be	merged	with	either	U	or	V.	Therefore,	we
now	have:

The	U	matrix,	which	is	essentially	composed	of	user	principal	components,	is
typically	called	the	user-embedding	matrix.	Its	counterpart,	V,	is	called	the
movie-embedding	matrix.

The	classic	version	of	SVD,	like	most	other	machine	learning	algorithms,	does
not	work	with	sparse	matrices.	However,	Simon	Funk	figured	out	a	workaround
for	this	problem,	and	his	solution	led	to	one	of	the	most	famous	solutions	in	the
world	of	recommender	systems.

Funk's	system	took	in	the	sparse	ratings	matrix,	A,	and	constructed	two	dense
user-	and	item-embedding	matrices,	U	and	V	respectively.	These	dense	matrices
directly	gave	us	the	predictions	for	all	the	missing	values	in	the	original	matrix,
A.

Let's	now	implement	the	SVD	filter	using	the	surprise	package:

#Import	SVD

from	surprise	import	SVD

#Define	the	SVD	algorithm	object

svd	=	SVD()

#Evaluate	the	performance	in	terms	of	RMSE

evaluate(svd,	data,	measures=['RMSE'])

Here	is	its	output:



The	SVD	filter	outperforms	all	other	filters,	with	an	RMSE	score	of	0.9367.



Summary
This	brings	us	to	the	end	of	our	discussion	on	collaborative	filters.	In	this
chapter,	we	built	various	kinds	of	user-based	collaborative	filters	and,	by
extension,	learned	to	build	item-based	collaborative	filters	as	well.

We	then	shifted	our	focus	to	model-based	approaches	that	rely	on	machine
learning	algorithms	to	churn	out	predictions.	We	were	introduced	to	the	surprise
library	and	used	it	to	implement	a	clustering	model	based	on	kNN.	We	then	took
a	look	at	an	approach	to	using	supervised	learning	algorithms	to	predict	the
missing	values	in	the	ratings	matrix.	Finally,	we	gained	a	layman's	understanding
of	the	singular-value	decomposition	algorithm	and	implemented	it	using	surprise.

All	the	recommenders	we've	built	so	far	reside	only	inside	our	Jupyter
Notebooks.	In	the	next	chapter,	we	will	learn	how	to	deploy	our	models	to	the
web,	where	they	can	be	used	by	anyone	on	the	internet.



Hybrid	Recommenders
	

In	this	final	chapter,	we	will	discuss	recommender	systems	in	the	context	of
practicality	and	industrial	use.	Until	now,	we	have	learned	about	various	types	of
recommender,	including	knowledge,	content,	and	collaborative	filtering-based
engines.	However,	when	used	in	practice,	each	recommender	usually	suffers
from	one	shortcoming	or	another.

We've	discussed	these	shortcomings	in	the	very	first	chapter	(for	instance,	the
novelty	problem	of	content-based	engines	and	the	cold	start	problem	of
collaborative	filters).	We	also	briefly	introduced	the	concept	of	the	hybrid
recommender:	a	robust	system	that	combines	various	models	to	combat	the
disadvantage	of	one	model	with	the	advantage	of	another.	In	this	chapter,	we	will
build	a	simple	hybrid	recommender	that	combines	the	content	and	the
collaborative	filters	that	we've	built	thus	far.

	

	

	



Technical	requirements
You	will	be	required	to	have	Python	installed	on	a	system.	Finally,	to	use	the	Git
repository	of	this	book,	the	user	needs	to	install	Git.

The	code	files	of	this	chapter	can	be	found	on	GitHub:
https://github.com/PacktPublishing/Hands-On-Recommendation-Systems-with-Python.

Check	out	the	following	video	to	see	the	code	in	action:	http://bit.ly/2uOHwcd.



Introduction
As	already	mentioned	a	couple	of	times,	hybrid	recommenders	are	extremely
powerful,	robust	systems	that	combine	various	simpler	models	to	give	us
predictions.	There	is	no	single	way	in	which	a	hybrid	model	could	do	this;	some
hybrids	predict	using	content	and	collaborative	filtering	techniques	separately	to
produce	results.	Some	others	introduce	content-based	techniques	into
collaborative	filters	and	vice	versa.

Netflix	is	a	very	good	example	of	a	hybrid	recommender.	Netflix	employs
content-based	techniques	when	it	shows	you	similar	movies	to	a	movie	you're
watching	(the	MORE	LIKE	THIS	section),	as	shown	in	the	following
screenshot:

Here,	we	can	see	that	while	watching	Ratatouille,	Netflix	recommends	movies	to
me	that	are	very	similar	to	Ratatouille.	All	the	top	five	recommended	movies	are
all	animated	and	produced	by	Disney	Pixar.

However,	animated	movies	are	not	the	only	genre	I	watch	on	Netflix.	I	also	like
watching	drama	and	comedy.	Netflix	has	a	separate	row	of	recommendations	for
me	entitled	Top	Picks	for	Rounak,	where	it	uses	collaborative	filtering	to	identify
users	similar	to	me	and	recommend	movies	that	they	have	liked,	but	that	I



haven't	watched:

In	this	way,	Netflix	employs	both	content-	and	collaborative-based	techniques
separately	to	produce	results	that	are	extremely	satisfactory.



Case	study	–	Building	a	hybrid	model
In	this	section,	let's	build	a	content-based	model	that	incorporates	some
collaborative	filtering	techniques	into	it.

Imagine	that	you	have	built	a	website	like	Netflix.	Every	time	a	user	watches	a
movie,	you	want	to	display	a	list	of	recommendations	in	the	side	pane	(like
YouTube).	At	first	glance,	a	content-based	recommender	seems	appropriate	for
this	task.	This	is	because,	if	the	person	is	currently	watching	something	they	find
interesting,	they	will	be	more	inclined	to	watch	something	similar	to	it.

Let's	say	our	user	is	watching	The	Dark	Knight.	Since	this	is	a	Batman	movie,
our	content-based	recommender	is	likely	to	recommend	other	Batman	(or
superhero)	movies	regardless	of	quality.	This	may	not	always	lead	to	the	best
recommendations.	For	instance,	most	people	who	like	The	Dark	Knight	do	not
rate	Batman	and	Robin	very	highly,	although	they	feature	the	same	lead
character.	Therefore,	we	will	introduce	a	collaborative	filter	here	that	predicts	the
ratings	of	the	movies	recommended	by	our	content-based	model	and	return	the
top	few	movies	with	the	highest	predictions.

In	other	words,	the	workflow	of	our	hybrid	model	will	be	as	follows:

1.	 Take	in	a	movie	title	and	user	as	input
2.	 Use	a	content-based	model	to	compute	the	25	most	similar	movies
3.	 Compute	the	predicted	ratings	that	the	user	might	give	these	25	movies

using	a	collaborative	filter
4.	 Return	the	top	10	movies	with	the	highest	predicted	rating

We	will	be	using	different	datasets	for	this	task.	Go	ahead	and	download	the
datasets	from	the	following	links.

Download	the	following	datasets	from	Kaggle	and	Google	Drive:

ratings_small.csv:	https://www.kaggle.com/rounakbanik/the-movies-dataset/downloads/ra
tings_small.csv/7.
movie_ids.csv:	https://drive.google.com/drive/folders/1H9pnfVTzP46s7VwOTcC5ZY_VahRTr5



Zv?usp=sharing.

The	ratings_small.csv	file	contains	100,000	ratings	for	9,000	movies	from	700
users.	We	use	this	file	since	it	contains	ratings	for	more	recent	movies	(the
dataset	we	used	for	collaborative	filtering	only	contained	movies	released	before
1998).

The	links_small.csv	file	contains	the	movie	IDs	of	all	the	movies	rated	in	the
ratings_small.csv	file	and	their	corresponding	titles.	We	can	use	these	IDs	to
extract	relevant	metadata	from	the	movies_metadata.csv	file.

With	these	files	in	hand,	let's	proceed	to	build	our	model.	The	first	step	is	to
compute	the	cosine_sim	matrix	for	our	movies.	In	addition,	we	also	need	to	map
every	movie	to	the	indices	in	the	cosine_sim	matrix.	We've	already	learned	how	to
do	this	in	Chapter	3,	Building	an	IMDB	Top	250	Clone	with	Pandas.	Computing
this	matrix	and	the	mapping,	therefore,	is	left	as	an	exercise	for	the	reader.

You	can	download	my	cosine_sim	and	cosine_sim_map	files	from	the	following	link:
https://drive.google.com/drive/folders/1H9pnfVTzP46s7VwOTcC5ZY_VahRTr5Zv?usp=sharing.	However,	be	aware	that
the	cosine_sim	file	is	over	1	GB	in	size,	and	therefore	might	take	some	time	to	download.

Next,	let's	use	the	ratings.csv	file	to	build	a	collaborative	filtering	model.	We	will
use	the	SVD	model	from	the	last	chapter	for	this	purpose:

#Build	the	SVD	based	Collaborative	filter

from	surprise	import	SVD,	Reader,	Dataset

reader	=	Reader()

ratings	=	pd.read_csv('../data/ratings_small.csv')

data	=	Dataset.load_from_df(ratings[['userId',	'movieId',	'rating']],	reader)

data.split(n_folds=5)

svd	=	SVD()

trainset	=	data.build_full_trainset()

svd.train(trainset)

Next,	let's	load	the	movie_ids.csv	file	into	a	DataFrame	and	construct	two
mappings:	one	that	returns	the	movie	title	for	a	given	movie	ID,	and	the	other
vice	versa:

#Build	title	to	ID	and	ID	to	title	mappings

id_map	=	pd.read_csv('../data/movie_ids.csv')

id_to_title	=	id_map.set_index('id')

title_to_id	=	id_map.set_index('title')

Now,	let's	import	the	metadata	for	our	movies	so	that	our	recommender	can



display	useful	information,	such	as	the	IMDB	rating	and	the	year	of	release.	This
information	can	be	extracted	from	the	main	movies_metadata.csv	file,	and	is	again
left	as	an	exercise	for	the	reader.

You	can	download	the	required	metadata	file	from	the	following	link:	https://drive.google.com/drive/
folders/1H9pnfVTzP46s7VwOTcC5ZY_VahRTr5Zv?usp=sharing

We're	finally	in	a	position	to	build	the	hybrid	recommender	function	according
to	the	workflow	described	previously:

def	hybrid(userId,	title):

				#Extract	the	cosine_sim	index	of	the	movie

				idx	=	cosine_sim_map[title]

				

				#Extract	the	TMDB	ID	of	the	movie

				tmdbId	=	title_to_id.loc[title]['id']

				

				#Extract	the	movie	ID	internally	assigned	by	the	dataset

				movie_id	=	title_to_id.loc[title]['movieId']

				

				#Extract	the	similarity	scores	and	their	corresponding	index	for	every	movie	from	

the	cosine_sim	matrix

				sim_scores	=	list(enumerate(cosine_sim[str(int(idx))]))

				

				#Sort	the	(index,	score)	tuples	in	decreasing	order	of	similarity	scores

				sim_scores	=	sorted(sim_scores,	key=lambda	x:	x[1],	reverse=True)

				

				#Select	the	top	25	tuples,	excluding	the	first	

				#(as	it	is	the	similarity	score	of	the	movie	with	itself)

				sim_scores	=	sim_scores[1:26]

				

				#Store	the	cosine_sim	indices	of	the	top	25	movies	in	a	list

				movie_indices	=	[i[0]	for	i	in	sim_scores]

				#Extract	the	metadata	of	the	aforementioned	movies

				movies	=	smd.iloc[movie_indices][['title',	'vote_count',	'vote_average',	'year',	

'id']]

				

				#Compute	the	predicted	ratings	using	the	SVD	filter

				movies['est']	=	movies['id'].apply(lambda	x:	svd.predict(userId,	id_to_title.loc[x]

['movieId']).est)

				

				#Sort	the	movies	in	decreasing	order	of	predicted	rating

				movies	=	movies.sort_values('est',	ascending=False)

				

				#Return	the	top	10	movies	as	recommendations

				return	movies.head(10)

Let's	put	our	hybrid	model	to	the	test.	Let's	imagine	that	users	with	the	IDs	1	and
2	are	both	watching	the	movie	Avatar:

hybrid(1,	'Avatar')



hybrid(2,	'Avatar')

We	can	see	that	although	both	users	are	currently	watching	Avatar,	the
recommendations	differ	in	the	content	as	well	as	the	order.	This	is	influenced	by
the	collaborative	filter.	However,	all	the	movies	listed	are	similar	to	Avatar.	This
is	because	of	the	content-based	filtering	carried	out	by	the	model.

Following	this	section	may	have	been	a	little	hard,	especially	if	you	do	not	recall
the	material	covered	in	Chapter	3,	Building	an	IMDB	Top	250	Clone	with	Pandas.
I	strongly	recommend	going	back	and	rereading	the	chapter	if	something	doesn't
make	sense.	For	reference,	the	entire	code	for	this	model	can	be	found	in	the
Chapter7	folder	of	the	RecoSys	repository.



Summary
	

With	this,	we	come	to	the	end	of	this	chapter,	as	well	as	the	main	part	of	the
book.	In	this	book,	we	learned	the	following:

We	were	introduced	to	the	world	of	recommender	systems.	We	defined	the
recommendation	problem	mathematically	and	discussed	the	various	types
of	recommendation	engines	that	exist,	as	well	as	their	advantages	and
disadvantages.
We	then	learned	to	perform	data	wrangling	with	the	pandas	library	and
familiarized	ourselves	with	two	of	pandas,	most	powerful	data	structures:
the	series	and	the	DataFrame.
With	our	newly	found	data	wrangling	techniques,	we	proceeded	to	build	an
IMDB	Top	250	clone.	We	then	improved	on	this	model	to	build	a
knowledge-based	recommender	that	took	into	account	the	recommended
movies'	genre,	duration,	and	year	of	release.
Next,	we	learned	how	to	build	content-based	recommenders	using	plot	lines
and	subsequently	more	sophisticated	metadata,	such	as	the	genre,	cast,
crew,	and	keywords.	In	the	process,	we	familiarized	ourselves	with
vectorizers	and	the	cosine	similarity	metric.
In	the	chapter	on	data	mining,	we	were	introduced	to	the	various	techniques
used	in	building	and	improving	recommendation	systems.	We	learned	about
similarity	metrics	other	than	the	cosine	score.	We	then	proceeded	to	study
clustering,	with	an	emphasis	on	k-means	clustering	techniques.	This	was
followed	by	discussions	on	dimensionality	reduction	(with	an	emphasis	on
PCA)	and	the	various	supervised	learning	techniques.	The	chapter
concluded	with	a	tour	of	evaluation	metrics	that	are	used	to	gauge	the
performance	of	recommender	systems.
The	chapter	on	collaborative	filtering	had	us	experimenting	with	a	variety
of	models	that	used	rating	data,	and	also	leveraged	data	mining	techniques
introduced	in	the	previous	chapter.	We	were	also	introduced	to	the	surprise
library,	which	made	building	recommender	systems	a	breeze.
In	this	final	chapter,	we	briefly	discussed	the	various	kinds	of	hybrid
recommender	used	in	the	industry	today	and	built	a	model	that	incorporated



collaborative	filtering	into	a	content-based	engine	to	offer	personalized
recommendations	to	a	user,	while	keeping	the	current	movie	being	watched
in	mind.

What	we	have	covered,	of	course,	only	touches	the	surface	of	the	world	of
recommender	systems.	However,	I	am	positive	that	readers	will	now	be	in	a	very
good	place	to	tackle	advanced	topics	in	the	field.	I	have	listed	a	few	resources	in
the	Appendix	that	could	serve	as	a	next	stop	on	your	journey	to	becoming	a
recommendations	master.

As	mentioned	earlier,	all	the	code	written	as	part	of	this	book	is	available	as	a
GitHub	repository	to	enable	you	to	effortlessly	tinker	and	experiment	with	the
code	as	you	journey	through	this	book.	I'd	like	to	thank	you	all	for	having	come
this	far.	If	you	have	any	comments,	corrections,	criticism,	or	suggestions,	feel
free	to	contact	me	at	rounakbanik@gmail.com.
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