EE448 Big Data Mining

Weinan Zhang
Shanghai Jiao Tong University
http://wnzhang.net

Spring Semester 2018

http://wnzhang.net/teaching/ee448/index.html



Self Introduction — Weinan Zhang

* Position
e Assistant Professor at CS Dept. of SITU 2016-now
e Apex Data and Knowledge Management Lab
* John Hopcroft Research Center for Computer Science
e Research on machine learning and data mining topics

 Education

* Ph.D. on Computer Science from University College
London (UCL), United Kingdom, 2012-2016

* B.Eng. on Computer Science from ACM Class 07 of
Shanghai Jiao Tong University, China, 2007-2011



Course Administration

* No official text book for this course, some
recommended books are

 Jiawei Han, Micheline Kamber, Jian Pei. “Data Mining:
Concepts and Techniques, 3™ Edition”. Morgan Kaufmann

Series, 2011.
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* Bing Liu. “Web Data Mining, 2" Edition”. Springer, 2011.
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. AL (NEBE3) BERE LML, 2016
* Tom Mitchell. “Machine Learning”. McGraw-Hill, 1997




Course Administration

* A hands-on big data mining course
* No assignment, no final exam

* Two course works (80%)
» Kaggle-in-Class competitions on Text Classification (40%)
» Kaggle-in-Class competitions on Recommendation (40%)

* Poster session (10%)

* Attending (10%)
e Could be evaluated by quiz
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* Yuchen Yan (™=Ff=), IEEE Honored Class 2015
student, Computer Science

* Email: xyxpzer [at] sjtu.edu.cn

* Research on data mining, knowledge graph,
network analysis

* Ruijie Wang (E&7), Dept. of Computer
Science 2015 student
* Email: wjerry5 [at] sjtu.edu.cn

* Research on data mining, natural language
processing

* Jialu Wang (1), IEEE Honored Class 2015
student, Computer Science

* Email: faldict [at] sjtu.edu.cn

* Research on data mining, deep learning,
reinforcement learning




TA Administration

e Join the mail list

* Please send your
* Name
e Student number
* Email address

to Yuchen Yan xyxpzer [at] sjtu.edu.cn
with email title “Check in EE448”

 Office hour
* Every Thursday 8-9pm, 1-203 SEIEE Building



Goals of This Course

* Know about the big picture of data science

e Get familiar with popular data mining methodologies
e Data representations
* Problem formulation
* Machine learning & data mining algorithms
* Experimental methodologies

* Get some first-hand DM developing experiences

* Present your own DM solutions to real-world problems



Why we focus on hands-on DM

Academia

Theoretical novelty

Hands-on
DM
experience

Industry Startup

Application
novelty

Large-scale
practice

e Get familiar with various data mining applications.

* Play with the data and get your hands dirty!
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Content of This Lecture

* An example as an intro of data mining
* Concepts of data mining

* Real-world examples of data mining



Display Advertising

* A display ad example
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Display Advertising

' X target “20-40, male” attributes. O g
g 00 “travel” 00

Users
on the Internet

Advertisers

with ad budget user information matching

* Advertiser targets a segment of users
* E.g. by age, gender, occupation, interest tags etc.

* Intermediary matches users and ads by user information



Internet Advertising Frontier:
Real-Time Bidding (RTB) based Display Advertising

What is Real-Time Bidding?

* Every online ad view can be evaluated, bought, and
sold, all individually, and all instantaneously.

* Instead of buying keywords or a bundle of ad views,
advertisers are now buying users directly.

Wang J, Zhang W, Yuan S. Display Advertising with Real-Time Bidding (RTB) and Behavioural Targeting. Foundations and Trends® in Information Retrieval, 2017, 11(4-5): 297-435



An RTB Example

* Weinan regularly reads articles on emarketer.com

'e_ Marketer. Research Topics  Products  Why eMarketer ~ Customer Stories  Articles

. . . Latest from eMarketer S
Advertisers Continue Rapid
- = - Latest Articles & [atestWebinars
Adoption of Programmatic Buying - -
] ] o Hispanic Gen Xers Lead in Daily Tablet Usage s
By 2017, advertisers will spend more than $9 billion on Sign-Up
RTB Chrysler's Multichannel Approach to Online Video
Gets Greater Recall
Nov 26, 2013 [ Share | ¥ Print Email Android Rules UK Smartphone Sales iy
More Articles » eMarketer Daily Newsletter »
Advertisers are spending more than expected on real-time bidding, which is
expected to account for a significant share of all display ad spending in the US el
Sales

hillions, % change and % of total digital display ad spending CLLYEL LISLLLE™T WWALIGLL LLIGLLILLED I 4 17
$9.03 continues its rapid transition from MARKETING

infancy to a well-established display

purchase method in just a few vears. EIMIL MAHKETERS
eMarketer projects RTB digital FREE DOWNLOAD

display ad spending in the US will
account for 29.0% of total US digital
display ad spending by 2017, or $9.03

202 2013 2014 . . .
M RTE digital display ad spending billion. In 2013, it will account for

M % change W % of total digital display ad spending 'WATCH THE VIDEO.

o s
Note: includes all display formats senved to all devices 19.0%, or $3.37 billion. These

Sgurce: eMarketer, Dec 2013 H H H - -
S e —————  estimates are revised slightly upward DO WHAT CAN NOW BE DONE. ®

from our previous forecast in August




An RTB

Example

* Weinan recently checked the London hotels on booking.com

3
Recently viewed "‘ Weinan Zhang e )

Browse by destination theme  Shopping  Fine Dining  Culture  Sightseeing  Monuments  Relaxation
home uk greater london london search results
16,378 properties 1,824 properties 1,574 properties London, 2 adults, 11 nights [Jul 14 - Jul 25) Change dates

Destination/Hotel Name:
‘ Q_London |

Distance: | 16 miles

Check-in Date

T Mon 14 v || July 2014 v
Check-out Date
T Fri2s v [ July 2014 v

LIl den't have specific dates yet

Guests | 2 Adults (1 room) ¥

Search

Search properties

London is a top choice with fellow travelers on your selected dates (48% reserved).
Tip: Prices might be higher than normal, so try searching with different dates if possible.

Try previous week

Try next week

930 out of 1857 properties are available in and around London

Showing 1— 15

Very good 8.5

Scaore from 1137 reviews

Park Plaza Victoria London @1
Central London, Westminster. London + & Nearby stop

There are 13 people looking at this hotel.
Latest booking: 1 hour ago

Price for 11 nights

A& Superior Double Room £2,353.65

7 more room types

We have & rooms left!




An RTB Example

* The day after, he found relevant ads on facebook.com

| ] search for people, places and things

[ Family

[al ucL

[& SJTU 18
| UCL 20+

|4 ShanghaiJiao Ton . 16
| @ London, United Ki...
|4 University College. .
|3 Close Friends

|ggy Intern,Beijing Microso...

GROUPS
W Microsoft Research C._..

¥] Create group

INTERESTS
| E) Pages and Public Fig...

PAGES
[ Like Pages 1
1 Pages feed g

+ Create a Page...

DEVELOPER

Bingkai Lin

43 mutual friends
1+ Add Friend

e ] Secret Escapes il Like Page

escapes
4 Sponsored

Find the best rates on handpicked hotels Zhaomeng Peng

10 mutual friends
2+ Add Friend

I

SPONSORED
247 London Hostel

booking.com

Book & Savel 247 London
Hostel, London.

Stale Marketing Stinks
emarketer.com

Freshen up with
ellarketers reports, trends
& data on digital
marketing. Download
Today!

Secret Escapes | Exclusive Discounts
Get up to 7o% off luxury hotels and holidays.

Like - Comment - Share - £72,327 185 &7 444

English (LK) - Privacy Cookies - More -

Terms



Players Interaction in RTB

€ bluekai
User Information Data
User Demography: Mag}aﬁement
Male, 26, Student atiorm

User Segmentations:
London, travelling

1. Bid Request
(user, page, context) GO gle 0. Ad Request

Page

Demand-Side [

Platform 2. Bid Response RTB 5. Ad
x (ad, bid price) Ad (with tracking) x
Exchange —
Advertiser 4. Win Notice <100 ms User

Booking P (charged price) 3. Ad Auction

6. User Feedback
(click, conversion)

* A demand-side platform buys ads via real-time bidding (RTB) 10 billion per day

* A data management platform analyzes and maintains the information billions of
Internet users



Data Technology as a Service

User ID

cookie

mobile device ID

VTP

>

UserTags
age, gender
interest

Advertisers
with ad budget

.

Data Service

Raw Data .
‘ ]

Users

J

on the Internet

A data service example in RTB ads

* The data service (or DaaS) is a cousin of software as a

service (SaaS)

* takes the input of high-quality data request based on raw data
* returns the requested high-quality data for higher-level (intelligent)

applications



Content of This Lecture

* An example as an intro of data mining
e Concepts of data mining

* Real-world examples of data mining



The Underlying Data Science

* Data science is the subject concerned with the methodology of discovering
the underlying principles and patterns from massive amount of data.

* Physics

* Goal: discover the underlying
principle of the world

* Solution: build the model of the
world
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Example: Newton'’s gravity law

Data Science
* Goal: discover the underlying principle
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* Solution: build the model of the data
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Example: Energy-based distribution

* In fact, data science could be a more general concept for natural science.



Evolution of Sciences

Before 1600, empirical science

1600-1950s, theoretical science

* Each discipline has grown a theoretical component. Theoretical models often
motivate experiments and generalize our understanding.

1950s-1990s, computational science

* Over the last 50 years, most disciplines have grown a third, computational branch
(e.g. empirical, theoretical, and computational ecology, or physics, or linguistics.)

* Computational Science traditionally meant simulation. It grew out of our inability to
find closed-form solutions for complex mathematical models.

1990-now, data science
* The flood of data from new scientific instruments and simulations
* The ability to economically store and manage petabytes of data online
* The Internet and computing Grid that makes all these archives universally accessible

* Scientific info. management, acquisition, organization, query, and visualization tasks
scale almost linearly with data volumes. Data mining is a major new challenge!

Jim Gray and Alex Szalay, The World Wide Telescope: An Archetype for Online Science,
Comm. ACM, 45(11): 50-54, Nov. 2002 Slide credit: Jiawei Han



Data Science

e A deterministic view
* For a high-dimensional data X
* Find the underlying function Lo - _/"

X; = f(X;éi)

for a certain target dimension data x;

I

e A probabilistic view
* For a high-dimensional data x
* Find joint data distribution p(x)
* Then the conditional distribution
P(X4|x4;)

for a certain target dimension data x;




An Example in User Behavior Modeling

BBC Sports PubMed Bloomberg Spotify
Business
Yes No Yes No

Finance Male 29
Sports Male 21 Yes No No Yes
Medicine  Female 32 No Yes No No
Music Female 25 No No No Yes
Medicine Male 40 Yes Yes Yes No
T " |
Expensive data Cheap data

o A 7-field record data

» 3 fields of data that are expensive to obtain

* Interest, gender, age collected by user registration information or
questionnaires

* 4 fields of data that are easy or cheap to obtain

* Raw data of whether the user has visited a particular website during the last
two weeks, as recorded by the website log



An Example in User Behavior Modeling

BBC Sports PubMed Bloomberg Spotify
Business
Yes No Yes No

Finance Male 29
Sports Male 21 Yes No No Yes
Medicine  Female 32 No Yes No No
Music Female 25 No No No Yes
Medicine Male 40 Yes Yes Yes No
| " |
Expensive data Cheap data

 Deterministic view: fit a function

Age = f(Browsing=BBC Sports, Bloomberg Business)

* Probabilistic view: fit a joint data distribution
p(Interest=Finance, Gender=Male, Age=29, Browsing=BBC Sports, Bloomberg Business)
* Then build the conditional data distribution
p(Interest=Finance | Browsing=BBC Sports, Bloomberg Business)

p(Gender=Male | Browsing=BBC Sports, Bloomberg Business)



Data Technology as a Service

Applications Data Service Raw Data

* The data service is just like a data processing
factory that
 collects raw and cheap data

e supports the higher-level (intelligent) applications with
quality data



Data Technology Everywhere

Food Travel

7 -

e A
Data Request B S ‘
P > Data Service le—— 1 1 ___.

Data ‘ Internet of Things

] &

Internet Medicine

Higher-level Applications

e The data itself is not valuable without the data service!

* How to perform proper and effective mining for the

principles, patterns and knowledge from massive amount
of data is what we focus in this course.



What is Data Mining?

e Data mining is about the extraction of non-trivial,
implicit, previously unknown and potentially useful
principles, patterns or knowledge from massive
amount of data.

e Data Science is the subject concerned with the
scientific methodology to properly, effectively and
efficiently perform data mining

e aninterdisciplinary field about scientific methods,
processes, and systems



A Typical Data Mining Process

Task
Data relevant Data
collecting data mmmg
@
Real world Databases / A dataset Useful patterns

Data warehouse

L Interaction with the world Decision making )
#& <

Service new round operation

* Data mining plays a key role of enabling and improving the
various data services in the world

* Note that the (improved) data services would then change the
world data, which would in turn change the data to mine



A Multi-Dimensional View of Data Mining

e Data to be mined

* Database data (extended-relational, object-oriented,
heterogeneous, legacy), data warehouse, transactional data, stream,
spatiotemporal, time-series, sequence, text and web, multi-media,
graphs & social and information networks

* Knowledge to be mined (or data mining functions)

* Characterization, discrimination, association, classification,
clustering, trend/deviation, outlier analysis, etc.

* Descriptive vs. predictive data mining
* Multiple/integrated functions and mining at multiple levels

e Techniques utilized

 Data warehouse, machine learning, statistics, pattern recognition,
visualization, distributed computing, high-performance, etc.

e Applications adapted

* Retail, telecommunication, banking, fraud analysis, bio-data mining,
stock market analysis, text mining, Web mining, etc.

More application examples will be provided.

Slide credit: Jiawei Han



Data Mining Techniques

* Application level

* Intelligent systems &
applications with
further feedbacks

* Methodology level

* Machine learning &
statistics techniques
based on large
amount of formatted
data

e System level

e Scalable systems &
architectures for
hosting, retrieving
and computing big
data

Decision Real-world Data
making Application Visualization

Machine

: Statistics
Learning

Distributed i
Database High Pgrf.
Systems Computing



Data Mining and Machine Learning

* What is the difference between data mining and
machine learning?

* Data mining is about the extraction of non-trivial,
implicit, previously unknown and potentially useful
principles, patterns or knowledge from massive amount
of data.

* Machine learning is the study of algorithms that
improves a particular quantitative performance at some
task based on data with non-explicit programming.



Programming vs. Machine Learning

* Traditional Programming Input

Human O
Programmer .

Program Output

* Machine Learning

4
. Input

Learning

Data Program Output

Algorithm

Slide credit: Feifei Li



Data Mining and Machine Learning

 What is the difference between data mining and
machine learning?
* They are solving similar tasks with different focuses

* Data mining focuses on * Machine learning focuses on
solving the problems modeling based on the data

* Solving a DM problem could  An ML model could be
involve different methods applied to various DM tasks
including ML

Machine Learning
Techniques

Data Mining
Tasks

Rule-based

W Methods




A Brief History of Data Mining Society

1989 1JCAl Workshop on Knowledge Discovery in Databases
* Knowledge Discovery in Databases (G. Piatetsky-Shapiro and W. Frawley, 1991)

1991-1994 Workshops on Knowledge Discovery in Databases

* Advances in Knowledge Discovery and Data Mining (U. Fayyad, G. Piatetsky-
Shapiro, P. Smyth, and R. Uthurusamy, 1996)

1995-1998 International Conferences on Knowledge Discovery in Databases and Data
Mining (KDD’95-98)

* Journal of Data Mining and Knowledge Discovery (1997)
ACM SIGKDD conferences since 1998 and SIGKDD Explorations

More conferences on data mining
e PAKDD (1997), PKDD (1997), SIAM-Data Mining (2001), (IEEE) ICDM (2001), etc.

ACM Transactions on KDD starting in 2007

Slide credit: Jiawei Han



Conferences and Journals on Data Mining

 KDD Conferences

ACM SIGKDD Int. Conf. on
Knowledge Discovery and Data
Mining (KDD)

SIAM Data Mining Conf. (SDM)

(IEEE) Int. Conf. on Data Mining
(ICDM)

Int. Conf. on Web Search and Data
Mining (WSDM)

European Conf. on Machine
Learning and Principles and
practices of Knowledge Discovery
and Data Mining (ECML-PKDD)

Pacific-Asia Conf. on Knowledge
Discovery and Data Mining (PAKDD)

e Other related conferences

DB conferences: ACM
SIGMOD, VLDB, ICDE, EDBT,
ICDT, ...

* Web and IR conferences:
WWW, SIGIR, CIKM

* ML conferences: ICML, NIPS
* PR conferences: CVPR

e Journals

e |EEE Trans. On Knowledge and
Data Eng. (TKDE)

 KDD Explorations
 ACM Trans. on KDD (TKDD)

Slide credit: Jiawei Han



Content of This Lecture

* An example as an intro of data mining
* Concepts of data mining

e Real-world examples of data mining



DM Use Case 1: Frequent [tem Set Mining

WRAPPING PAPER 0.99
INSTANT COFFEE GOLD 1.99
INSTANT COFFEE GOLD 1.99
ORANGE JUICE 1.5L 0.79
ORANGE JUICE 1.5L 0.79
RICE CRACKERS SALT 0.29
RICE CRACKERS SALT 0.29
FLAIN MARGARINE 0.44
GARDEN GLOVES 1.49
FREE RANGE EGGS 1.05
ASSORTED MUESLI 1.49
COOKIES 1.05
MACARONI 0.42
BUTTERM™K DESSERT 0.29
BUTTERMILK DESSERT 0.29
BUTTERMILK DESSERT 0.29
BUTTERMILK DESSERT 0.29

TOTAL 14.23

CASH 20.00

CHANGE 5.77

*THANK YOU AND GOODEYE=

Some intuitive patterns: Some non-intuitive ones:

{milk, bread, butter}

{onion, potatoes, beef} {diaper, beer}

Agrawal, R.; Imielinski, T.; Swami, A. (1993). "Mining association rules between sets of items in large databases". ACM SIGMOD 1993



DM Use Case 1: Association Rule Mining

WRAPPING PAPER 0.99
INSTANT COFFEE GOLD 1.99
INSTANT COFFEE GOLD 1.99
ORANGE JUICE 1.5L 0.79
ORANGE JUICE 1.5L 0.79
RICE CRACKERS SALT 0.29
RICE CRACKERS SALT 0.29
FLAIN MARGARINE 0.44
GARDEN GLOVES 1.49
FREE RANGE EGGS 1.05
ASSORTED MUESLI 1.49
COOKIES 1.05
MACARONI 0.42

iy BUTTERM™K DESSERT 0.29
sl BUTTERMILK DESSERT 0.29
gey BUTTERMILK DESSERT 0.29
BUTTERMILK DESSERT 0.29
TOTAL 14.23

CASH 20.00

CHANGE 5.77

*THANK YOU AND GOODEYE=

Some intuitive patterns: Some non-intuitive ones:

{milk, bread} = {butter} .
{onion, potatoes} = {burger} {diaper} = {beer}

Agrawal, R.; Imielinski, T.; Swami, A. (1993). "Mining association rules between sets of items in large databases". ACM SIGMOD 1993



DM Use Case 2: Web Search

Go gle shanghai jiao tong university L E

shanghai jiao tong university ranking
shanghai jiao tong university international students
shanghai jiao tong university school of medicine

shanghai jiao tong university admission o Query SuggEStion

Scholarly articles for shanghai jiao tong university
Shanghai Jiao Tong University - Wang - Cited by 21

Shanghai Jiao-Tong University - Xue - Cited by 14
Manosheet-constructed porous TiO2-B for advanced ... - Liu - Cited by 206

Shanghai Jiao Tong University

en.sjtu.edu.cn/ v

Site Search. Home; About SJTU; Admission; Academics; Research; Join Us ... Antai College of SJTU
Rose to Mo.7 in 2016 Financial Times EMBA Ranking ...

Programs in English - Schools - Fall 2016 SJTU Graduate ... - Scholarships

Tl 1 Iy N
www sjtuedu.cn/ * Translate this page

ST AL BB AT HRAIR, - * Page ran kin g
Shanghai Jiao Tong University - Wikipedia

https:/fen wikipedia.org/wiki’'Shanghai_Jiao_Tong_University ~

Shanghai Jiao Tong University is a public research university located in Shanghai, China.
Established in 18596 by an imperial edict issued by the Guangxu ...

Mame - History - Academics, enrollment, and staff - Organization




DM Use Case 3: News Recommendation
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* Predict whether a user
will like a news given its
reading context
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DM Use Case 4: Sponsored Search

vyelinan

GO gle iphone 6s case

(_
E
(>
¢

Web Shopping News Images Videos More Search tools - ®
About 16,900,000 results (0.33 seconds)
(EHOREIGSIEASESLE S SISO Shop for iphone 6s case on Google Sponsored @
www.case-mate.com/iPhone-6s-Cases ¥
4.6 %% % %4 rating for case-mate.com
Shop The iPhone 6s Case Collection. Free Standard Shipping!
Refined Protection - Slim & Tough - Genuinely Crafted - Premium Designs
iPhone 6s - P S
www.apple.com/ ¥ Case-mate - Moshi - Iglaze Logitech - Moshi - Overture
The only thing that’s changed is everything. Learn more. Karat Case Fo..  Armour Case... Protection... Wall...
A9 chip - Two sizes - Now in rose gold 549.99 $39.99 $21.99 $49.99
Pre-order 9.12 - iPhone Upgrade Program - 3D Touch - Cameras Best Buy ) Best Buy Best Buy Best Buy
dhhkkd (163) Jddkdkd (161) dhhkhd (90)  Hddkkd (18)
R s
In the news ! -
|
Speck's iPhone 6s CandyShell + MightyShell : ql
cases bring best-of-breed protection to (8 ’| i
Apple's latest iPhones e R T
pp 1 dan Case-mate - Case-mate - Marc by Marc Case-mate -
920 5 Mac:1 day:ago _ Brilliance Cas...  Wallet Folio C...  Jacobs Metalli... Karat Hard Sh...
With the iPhone 6s and iPhone 6s Plus debuting next week, it's $44.99 $54.99 $38.00 $49.99
important to start thinking ... Best Buy Best Buy shopbop Best Buy
L _ _ dddd 4+ (294) Jekdedd (173) * Ak (34)
Maoshi's iPhone 6s and 6s Plus cases offer premium protection
iMore - 23 hours ago

Top 5 Best Leather iPhone 6s Cases

Heavy.com - 12 hours ago * Whether the user likes the ads

More news for iphone 6s case

* How advertisers set bid price

iPhone 65 Cases & Covers from OtterBox



DM Use Case 5: Displayed Advertising

*FE = WEETATREE? 3
AR AETHE "HE36ANE TEE: B E T e S T
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* Whether the user likes the ads * How advertisers set bid price

https://github.com/wnzhang/rtb-papers



DM Use Case 6: Information Extraction

Kinect - Fastest Selling Electronic Product in History

Posted on: 3/10/2011 1:09:45 PM by David Lewis

Microsoft's Kinect sensor system has been officially recognised as the fastest selling electrical device in
history.

Manufactured to give wireless interactivity
with the company’s Xbox game platform, the
device has sold eight million units in its first
two months, outstripping the sales of Apple’s
iPhone and iPad when they were launched.

The news comes as a welcome relief for
Microsoft who have been trailing Apple in the
technology stakes over the last few years
with the Apple brand being seen as more cool
and sexy than Microsoft.

KINECT
(o]

The figures, which have been verified by the
Guinness Book of World Records, represent
sales of the camera add-on which uses infrared technology to track the movement of the participant and
translate their movements to action in the game.

For some time Microsoft's Xbox was at a disadvantage to Nintendo’s Wii system because of the lack of a
motion detector but the Kinect addresses the issue well. Microsoft were keen on using a different
technological base for their system to avoid being accused of copyright infringement and so the solution was
built around infrared technology.

Microsoft says that sales of the Kinect reflect the popularity of the games platform in comparison with the Wii
and hope that the availability of Kinect will also boost sales of the Xbox itself.

It notes that sales of games for the Xbox have also rocketed since the device became available with total
sales now exceeding ten million.

In January Microsoft reported profits of $6.63bn (£4.1bn) for the last three months of 2010, down from
$6.66bn a year earlier despite the excellent sales performance of Kinect.

Posted: 3/10/2011 1:09:45 PM by David Lewis | with 0 comments
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DM Use Case 7: Information Extraction

e Structural information extraction and illustration

Your package is being shipped by USPS and the tracking number is 3M 4|-.94—| VHB DOUb|eS|d.|ed
9261297642094757559542. Depending on the ship speed you chose, it Acrylic Foam Tape, 45 mil,...
may take 24 hours for your tracking number to return any information. Shipped

MPI compatible Canon
PGI-225BK Inkjet-Black

Shipped

Shipment Details

Kindle Paperwhite, 6" High Resolution Display $139.00
with Next-Gen Built-in Light, Wi-Fi » Monoprice
Sold by Amjazon Digital Services, Inc.

LFE 9]

Hy Shipment details
Item Subtotal: $139.00

g View email

Gmail Google Now

Zhang, Weinan, et al. "Annotating needles in the haystack without looking: Product information extraction from emails." KDD 2015.



DM Use Case 7: Information Extraction

e Structural information extraction and illustration

eTicket Iltinerary and Receipt for Confirmation G316SQ inbox  x

United Airlines Flight 862

9

Google Now : 1130 08:45

United Airlines 862

United Airlines, Inc. <unitedairlines@united com=

tome |~

Confirmation:

UNITED F’ A STAR ALLIANGE MEMBER 77" 031550
o Check-In =
Issue Date: September 08, 2013
G I Traveler eTicket Number Frequent Flyer Seats
mal ZHANG/WEINANMR 0162379365028 UANVHBTX XXX 48K/49C

FLIGHT INFORMATION

Day, Date Flight Class Departure City and Time Arrival City and Time Aircraft  Meal

Thu, 100CT13  UAB6B9 S SAN FRANCISCO, CA HONG KONG 747-400 Lunch
(SFO)1:00 PM (HKG) 6:15 PM {(110CT)

Thu, 170CT13  UAB862 S HONG KONG SAN FRANCISCO, CA T747-400 Lunch
(HKG) 11:30 AM (SFO) 8:45 AM

Zhang, Weinan, et al. "Annotating needles in the haystack without looking: Product information extraction from emails." KDD 2015.



DM Use Case 7: Information Extraction

* Synyi.com medical structural information extraction
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DM Use Case 8: Medical Image Analysis

* Breast Cancer Diagnoses

(Al + Pathologist) > Pathologist

0.04
0.035
0.03

0.025
Error

Rate* 0.02

0.015
0.01
0.005

Deep Learning Drops Error Rate for Breast Cancer 0
Diagnoses by 85%

* Error rate defined as 1 — Area under the Receiver Operator Curve

3.5%
2.9%
0.5%
Study Al model Al model
Pathologist + Study

Pathologist

** A study pathologist, blinded to the ground truth diagnoses,
independently scored all evaluation slides.

© 2016 PathAl

Wang, Dayong, et al. "Deep learning for identifying metastatic breast cancer." arXiv preprint arXiv:1606.05718 (2016).

https://blogs.nvidia.com/blog/2016/09/19/deep-learning-breast-cancer-diagnosis/



DM Use Case 8: Clinic Medicine Data Mining

* Predict the patient’s health (e.g. diabetes) after 3 years
given the current internal secretion test results

Factors Associated With Patients’ Adherence To Anti-Diabetic Medications

L Baseline characteristics:

Age: Gender: Male/Female  Education: Occupation: Nationality: Marital status:
II. Profile of Diabetes Mellitus

1. Duration of diabetes mellitus 2. Age at onset:: 3. Family history of diabetes: Yes/No
III. Patient adherence to drug therapy

1. Do you take the anti-diabetic drugs as advised by your doctor? Yes/No If No, please tick the options [v]

Items Yes | No | Items Yes No
Lack of finance Side effects

Feeling drug is not effective Feeling the dose given is high

Interferes with my meal plan Complexity of drug regimen

Taking them since many years Multiple medications

1 forget Poor family support

Items Yes No

Do you regularly maenitor your blood glucose?
Do you make your own modification in the dose of drugs prescribed?
Do you make your own modification in the timing of anti-diabetic drugs?

Do you have good about anti-diabetic medications prescribed to you?
Do you know the importance of anti-diabetic medication
Did your physician give infc ion on diabetes

Did your physician give information on anti-diabetic medications
Were you involved in treatment decisions
Do you feel comfortable to ask ions to your doctor

Clinic tests Questionnaires

* Explainable patterns are always desirable for clinic medicine to provide
informative guidance to doctors



DM Use Case 9: Financial Data Prediction

e Predict the trend and volatility of financial time series data
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DM Use Case 10: Social Networks

« Community detection / node classification
* Information diffusion modeling
* Friends/Tweets/Job Candidates suggestion

’\f




DM Use Case 11: Spatio-Temporal DM

Parki?s Lot Apartment & Hotel

Shopping- | !. ﬁ - “_--‘T" :
/) RN SR
Cater_ipg ﬁ‘ - !
e

* A spatio-temporal trajectory
P1r— P2 — " — Dn
pi = (.’13, Y, t)

* Behavior modeling of humans and vehicles in the cities

* Prediction of human / vehicles / environment in a certain spatio-temporal
point

* Optimization including car route scheduling, lane design, factory
relocation

https://www.microsoft.com/en-us/research/project/trajectory-data-mining/ Slide credit: Yu Zheng



DM Use Case 12: New Material Discovery

* Driven by Materials Genome Initiative

* Mine the underlying patterns between the
experiment conditions and the properties of

the resulted material

l Historical reactions |

—’. .
| (failures/successes)

Experimental
testing |
Data entry from notebooks

1

Experimental
testing

and reactant descriptors

!

Generation of reaction ‘

Chemical
hypotheses

T

Full database
of reactions

I
Training and test data {

Recommended
reactions

Interpretable
decision tree

v

Various reactant SVM model
combinations

f

Model of the
model construction

Probability

lhlﬂll‘c
o
»

&
I

0.50 —

0.25

<0.55 0.55-0.65 0.65-0.75 >0.75 All amines

Similarity index

Large single-crystalline products Polycrystalline products

. Meodel-based reactions . Model-based reactions

|:| Traditional human strategies |:| Traditional human strategies

Raccuglia, Paul, et al. "Machine-learning-assisted materials discovery using failed experiments." Nature 533.7601 (2016): 73-76.



DM Use Case 13: Interactive Recommendation

* Douban.fm music recommend and feedback
* The machine needs to make decisions, not just prediction

FHIFAA MHz

SRR
Best of Me s
Daniel Powter




Summary of This Lecture

* An example as an intro of data mining
e Concepts of data mining
* Real-world examples of data mining

e Data mining is about the extraction of non-trivial,
implicit, previously unknown and potentially useful
principles, patterns or knowledge from massive
amount of data.



