Introduction to data mining

Ryan Tibshirani
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Course website (syllabus, lectures slides, homeworks, etc.):
http://www.stat.cmu.edu/~ryantibs/datamining

We will use blackboard site for email list, grades
6 homeworks, top 5 will count
2 in-class exams, final project

Final project in groups of 2-3, will be fun!


http://www.stat.cmu.edu/~ryantibs/datamining

Prerequisites:
» Only formal one is 36-401

» Assuming you know basic probability and statistics, linear
algebra, R programming (see syllabus for topics list)

Textbooks:

» Course textbook Introduction to Statistical Learning by
James, Witten, Hastie, and Tibshirani. Get it online at
http://www-bcf .usc.edu/~gareth/ISL, use the login
name: StatLearn, password: book. Not yet published, do
not distribute!

» Optional, more advanced textbook: Elements of Statistical
Learning by Hastie, Tibshirani, and Friedman. Also available
online at http://www-stat.stanford.edu/ElemStatLearn


http://www-bcf.usc.edu/~gareth/ISL
http://www-stat.stanford.edu/ElemStatLearn

Course staff:
» Instructor: Ryan Tibshirani (you can call me “Ryan” or
“Professor Tibshirani”, please not “Professor”)

» TAs: Li Liu, Cong Lu, Jack Rae, Michael Vespe

Why are you here?
» Because you love the subject, because it's required, because
you eventually want to make $$% ...
» No matter the reason, everyone can get something out of the
course
» Work hard and have fun!



What is data mining?

Data mining is the science of discovering structure and making
predictions in (large) data sets

» Unsupervised learning: discovering structure

E.g., given measurements X1, ... X,,, learn some underlying
group structure based on similarity

» Supervised learning: making predictions

l.e., given measurements (X1,Y7),...(X,,Y,), learn a model
to predict Y; from X;
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Get a fast, free web browser
Google hvame runs websies and aplcatons with ghiningspese
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Facebook

800 Find Your Friends on Facebook

¢ | [Q- Google

Jessicalssler | Home

Peaple You May Know See All

Edward Clapp
Ema Hs and 3 other mutual friends

Steve Carlson
San Jose State University
Melody Kennedy and 20 other mutual friends

ﬁ
Alexander Koller
Hanover, Germany
Peter Meyer and 13 other mutual friends
A
D

Anke Heinen
Sylvia Kraft and 15 other mutual friends

Donald Feasel
Melody Kennedy and 17 other mutual friends

People you may know



Netflix

8006 Netflix Prize: View Leaderboard
m [+ [Z hupiry {flixprize.com/ /leader & | (Q- netfiix prize o)

Apple Yahoo! GoogleMaps YouTube Wikipedia News (2,326)v Populas

Netflix P

Home Rules Leaderboard Update

Leaderboard

‘Showing Test Score. Click here to show auiz score

Display top (20 %) leaders.

Rank Team Name Best Test Score % Improvement Best Submit Time

BellKor's Pragmatic Chaos 2009-07-26 16:18:28
The Ensemble 2000-07-26 18:38:22
Grand Prize Team 2009-07-10 21:24:40
Opera Solutions and Vandelay United 2009-07-10 01:12:31
Vandelay Industries | 2009-07-10 00:32:20
PragmaticTheory 2009-06-24 12:06:56
BellKor in BiaChaos 2009-05-13 08:14:00
Dace 2009-07-24 17:18:43
Feeds? 2009-07-12 13:11:51
BigChaos 2009-04-07 12:33:59
Opera Solutions 2009-07-24 00:34:07
Bellkor 009-07-26 171911

$1M prize!



eHarmony

eHarmony #1 Trusted Singles Online Dating Site - More than Personals

H hitp:/ /www.eharmony.com/ [EETEd ¢ | (Q- eharmony.com

#1 Most Trusted Online Dating Site

[ETCICEIS N 7 § o |

eHarmony’
Date Smarter, Not Harder

You're not looking for lots of dates, just better ones. And that's where we
come in. Take our Relationship Guestionnaire to define what you are looking
Already on Facsbook? [ NI i i

for, and we'll help you find the most promising matches. People whose
goals, values and personality traits most complement you. Let’s get started.

Free to Review Your Matches

First Name:
First namo ony ploasel

tma: | Woma 4 seeking < Men %

Zip Code:
Country: | United States $
Email
Nota: Vour amailis ussd to log back in
Confirm Email
Password:

Erika

Harmony member

Must be atlesst § charactars

Howdidyou | Please select... $
hear about us?

How We
Match You
Learn more

S

2><>;

Falling in love with statistics



FICO

8o Decision Management - Predictive Analytics - FICO

Products Industries Discussions

CTedil RISk Forecast
USriskmanagers see troubles
in student loans, housing

Looking for your FICO®

credit score? FICO Data Anysis Shows
Counterfeit Card Fraud Has Failon
‘Sharply in Europe
12 January 2012

- Getthe score lenders use.
« Monitor your score and progress. FICO Blaze Advisor 7 Brings
R Visualization
Capabiities to Asia Pacific for
Bottor Business Decisions

11 January 2012

Student Loans Soen as Next

¢ NQ ehamony.com __©)

myFICO.com | Support | Login | ContactUs | English

Company

Read the news

17 January 2012 — Webinar
FICO Smarter Decisions webinar:
Identiying and Overcoming Now.
Fraud Trends

22 January 2012 — Tradeshow
st

23 January 2012 — Tradeshow
NG Healthcare Payors Summit

An algorithm that could cause a lot of grief
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Feedback

FlightCaster

FlightCaster

>
fligﬂtﬂa&ﬁr

Home

Flight Delay Prediction

6 nhours before airline alerts

Probably
Delayed

See a sample prediction

Getthe apps!

Airline
Number

Date

What people are saying...
‘THE WALL STREET JOURNAL.

...Irequent fiiers can know to rebook
fights earlier and occasional fiers can

& | (Q- eharmony.com

About Sample Blog FAQ Contact

@ By FightNo © By Route

Today (Sun jan 15th) 3]

FlightCast It

Travel Delays De-Mystified

Why shouldn't | rely entirely on airlines or
other alert systems?

NEI

Apparently it's even used by airlines themselves
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IBM's Watson
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A combination of many things, including data mining
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Handwritten postal codes

D} 3 4 56 |78 1
Ol 22438 ¢7 849
0 )l A3 456|761
Ol &3 v 56787
Ol + 3735|789

(From ESL p. 404)

We could have robot mailmen someday
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Subtypes of breast cancer

breast cancer

Fig. 1. Performance of a "wound r gene

progression
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Years after Surgery

Years after Surgery

®

Chang, Howard Y. et al. (2005) Proc. Natl. Acad. Sci. USA 102, 3738-3743

PNAS

Subtypes of breastcancer based on wound response
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Predicting Alzheimer's disease

(From Raji et al. (2009), “Age, Alzheimer's disease, and brain
structure”)

Can we predict Alzheimer's disease years in advance?
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Banff 2010 challenge

Banff Challenge 2:
Posing the Problem

Wade Fisher
Michigan State University

Tom Junk filing in for Wade)
Fermi National Accelerator Laboratory

BIRS Workshor

Find the Higgs boson particle and win a Nobel prize!

Will it be found by a statistician?
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What to expect

Expect both applied and theoretical perspectives ... not just a
course where we open up R and go from there, we also rigorously
investigate the topics we learn

Why? Because success in data mining comes from a synergy
between practice and theory

» You can't always open up R, download a package, and get a
reasonable answer

» Real data is messy and always presents new complications

» Understanding why and how things work is a necessary
precursor to figuring out what to do
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Reoccuring themes

Exact approach versus approximation: often when we can’t do
something exactly, we'll settle for an approximation. Can perform
well, and scales well computationally to work for large problems

Bias-variance tradeoff: nearly every modeling decision is a tradeoff
between bias and variance. Higher model complexity means lower
bias and higher variance

Interpretability versus predictive performance: there is also usually
a tradeoff between a model that is interpretable and one that
predicts well under general circumstances

18



There's not a universal recipe book

Unfortunately, there's no universal recipe book for when and in
what situations you should apply certain data mining methods

Statistics doesn’t work like that. Sometimes there's a clear
approach; sometimes there is a good amount of uncertainty in what
route should be taken. That's what makes it so hard, and so fun

This is true even at the expert level (and there are even larger
philosophical disagreements spanning whole classes of problems)

The best you can do is try to understand the problem, understand
the proposed methods and what assumptions they are making, and
find some way to evaluate their performances

19
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Next time: information retrieval
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