LECTURE 1: INTRODUCTION
TO DATA MINING




What is data mining?

Data mining is also called knowledge discovery and
data mining (KDD)

Data mining is

extraction of useful patterns from data sources, e.g.,
databases, texts, web, image.

Patterns must be:

valid, novel, potentially useful, understandable



Knowledge Discovery in Data: Process
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Knowledge Discovery in Data: Process
I

Example 1: Analysis of purchases in a supermarket

customer1 | pizza beer cheese bread chips
customer2 milk bread ham cigaretts

customer3 yoghurt sugar flour cornflakes  napkins
customer4 shampoo beer chips newspaper |pizza
xustomerd ‘chiﬁs | coffee beer pizza cream
customer6 jam rolls butter beer




Knowledge Discovery in Data: Challenges

- Big Data
= Small Data

Market Basket Example
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Outline (Part 1)

Introduction to Data
Transactional Data
Temporal Data

Spatial & Spatial-Temporal Data

Data Preprocessing
Missing Values

Summarization



INTRODUCTION TO DATA




Data Come from Everywhere

Hospital Weather Station Social Media



What is Data?¢

Attributes
AL
a I
Collection of records and their Tid Refund Marital Taxable

Status Income Cheat

attributes
/11 |Yes |Single |125K |No
2 No Married |100K No
3 [No Single 70K No
An q:rlbu’re is a characteristic of 4 |ves Y 1 50k o
an object
| Ob 5 No Divorced |95K Yes
jects
| < 6 |No Married |60K No
7 Yes Divorced | 220K No
. . . 8 No Single 85K Yes
A collection of attributes describe g
. 9 No Married |75K No
an object
\ 10 |No Single 90K Yes




Types of Data

Record Data

Transactional Data

Temporal Data

Time Series Data

Sequence Data

Spatial & Spatial-Temporal
Data

Spatial Data
Spatial-Temporal Data

Graph Data

Transactional Data

UnStructured Data

Twitter Status Message

Review, news article

Semi-Structured Data

Paper Publications Data

XML format




Record Data

Transaction Data

TID Iltems
Bread, Coke, Milk
Beer, Bread

Beer, Coke, Diaper, Milk
Beer, Bread, Diaper, Milk
Coke, Diaper, Milk

Ol | W DN -

Market-Basket Dataset



Data Matrix

If data objects have the same fixed set of numeric attributes,
then the data objects can be thought of as points in a multi-
dimensional space, where each dimension represents a distinct
attribute

Such data set can be represented by an m by n matrix, where
there are m rows, one for each object, and n columns, one for
each attribute



Data Matrix Example for Documents

Each document becomes a “term' vector,
each term is a component (attribute) of the vector,

the value of each component is the number of times the
corresponding term occurs in the document.

— ®) (7)) «Q _ =4 %
B lgl<z| 8| 8|8 |-sl5 |33
3 S - @ @ - g g
Document 1 3 0 5 0 2 6 0 2 0 2
Document 2 0 7 0 2 1 0 0 3 0 0
Document 3 0 1 0 0 1 2 2 0 3 0




Distance Matrix

3 _
point X y
2 @pl
P ol 0 2
p3 p4
1 - ® ° p2 2 0
02 p3 3 1
0 o ‘ ‘ p4 3 1
0 2 3 5 6
pl p2 p3 p4
pl 0 2.828 3.162 5.099
p2 2.828 0 1.414 3.162
p3 3.162 1.414 0 2
p4 5.099 3.162 2 0

Distance Matrix




Temporal Data

Sequences Data

ID

Symptom Sequence

UV §)

{Night sweat, hypodynamia } —Fever

— Achroacytosis— Anemia

Night sweat— Fever— Achroacytosis— Anemia

Night sweat— Fever— Achroacytosis— Anemia

Night sweat— Fever— Achroacytosis— Splenomegalia

o ~J1 Oy |~

Night sweat— Fever— Achroacytosis
Night sweat— Fever— Anemia

Night sweat— Splenomegalia— Anemia
Night sweat— Sleepy — Anemia

(Patient Data obtained from Zhang’s KDD 06 Paper)




Temporal Data
N

1 Time Series Data
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Humans? DMNA and polypeptide sequences from closely related species
are more similar to each other than are sequences from more distantly
related species. In this exercise, you will look at amino acid sequence
data for the B polypeptide chain of hemoglobin, often called B-globin.
You will then interpret the data to hypothesize whether the monkey or
the gibbon is more closely related to humans.

How Such Experiments Are Done Researchers can isolate the poly-
peptide of interest from an organism and then determine the amino acid
sequence. More frequently, the DNA of the relevant gene is sequenced,
and the amino acid sequence of the polypeptide is deduced from the
DNA sequence of its gene.

Data from the Experiments In the data below, the letters give the
sequence of the 146 amino acids in B-globin from humans, rhesus

cme Ime here the s.equencei are brc:ken into three mgments The se-
quences for the three different species are aligned so that you can com-
pare them easily. For example, you can see that for all three species, the
first amino acid is V (valine) and the 146th amino acid is H (histidine).

Interpret the Data
1. Scan the monkey and gibbon sequences, letter by letter, circling any
amino acids that do not match the human sequence. (a) How many
amino acids differ between the monkey and the human sequences?

(b) Between the gibbon and human?

2, For each nonhuman species, what percent of its amino acids are
identical to the human sequence of B-globin?

3. Based on these data alone, state a hypothesis for which of these two
species is more closely related to humans. What is your reasoning?

Species Alignment of Amino Acid Sequences of B-globin

Human 1 VHLTPEEKSA VTALWGKVNV DEVGGEALGR LLVVYPWTQR FFESFGDLST
Monkey 1 VHLTPEEKNA VTTLWGKVNV DEVGGEALGR LLLVYPWTQR FFESFGDLSS
Gibbon 1 VHLTPEEKSA VTALWGKVNV DEVGGEALGR LLVVYPWTQR FFESFGDLST
Human 51 PDAVMGNPKV KAHGKKVLGA FSDGLAHLDN LKGTFATLSE LHCDKLHVDP
Monkey 51 PDAVMGNFPKV KAHGKKVLGA FSDGLNHLDN LKGTFAQLSE LHCDKLHVDP
Gibbon 51 PDAVMGNPKV KAHGKKVLGA FSDGLAHLDN LKGTFAQLSE LHCDKLHVDP
Human 101 ENFRLLGNVL VCVLAHHFGE EFTPPVQAAY QKVVAGVANA LAHKYH
Monkey 101 ENFKLLGNVL VCVLAHHFGK EFTPQVQAAY QKVVAGVANA LAHKYH
Gibbon 101 ENFRLLGNVL VCVLAHHFGK EFTPQVQARY QKVVAGVANA LAHKYH

4. What other evidence
could you use to suppor
your hypothesis?

@ A version of this Sci-
entific Skills Exercise
can be assigned in
MasteringBiclogy.

Data from Human: hitp/
www.ncbi.nlm.nih.gov/protein/
AAATT1113.1; rhesus mon-
key: htpfwww.nchinlm.nih,
gowiproteind1.22634; gibbon:
httpaifennaenebi.nlm. nib.gow
proteinf122616



Interval Data

EL={(A 1,5),(C, 3,12),(B,4,9),(D,9,15)}

_____________________________________________________________________________

______________________________________________________________________________________________________

( ( (Aoverlaps C) contains B) overlapsD)
time

1 3 4 5 9 12 15

(Interval Patient Data obtained from Amit’s M.Tech. Thesis Work)



Spatial & Spatial-Temporal Data
N

- Spatial Data

(Spatial Distribution of Objects of Various Types : Prof. Shashi Shekhar)



Spatial & Spatial-Temporal Data
N

“ Spatial Data Jan

Average Monthly Temperature of land and ocean



Spatial & Spatial-Temporal Data

0 Spatial Data

Dengue Disease Dataset (Singapore)



Spatial & Spatial-Temporal Data

Trajectory Data: Set of Harricans
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Spatial & Spatial-Temporal Data
-

o Trajectory Data: (of 87 users obtained using
RFID)

Vast 2008 Challenge — RFID Dataset




User Movement Data

Trajectory
Movement trail of a user
Sampling Points: <latitude, longitude, time>
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Graph Data




Semi-structured Data

Semistructured Data: Example

Book Mame
Name Company
. Name
Title
Mame
“H Diglib” “I Books” “R. Algo” é “Burro..”
Title Title u SR
“Professor” D Mining
“Database " “Extractng .” “Integrating .”

2/10/ 939 Nestorowv a5



Unstructured Data

Jasan ¥
Reviews

Wiitlen 832

Sean G
Peaviens
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Excellent Vietnamese restaurant. Some of my favontes are the sour salmon soup, vielnamease sleak,
summer ralls, and orange chickan. The tofu wiginger and scallion special is good. | prefer the pha at
pho-specific places. they don give you basil or chilies with the pho here,
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They hawe great fried spring rolls and fresh garden rofls. However, for 53.50 2 smallizh rolls doesnd
seem that greal They make up for this with a large bowd of Pho sowp for around 58 00, This place is greal
for food just before you see a movie atthe Upiown theater. However, leave plenty of fime. When the place
is busy, the wailstal or kitchen siarts 1o suck and ged real slow. You will miss pour movia, Give youwrsall
1.5 hours before a mowvie star ime. This PHO place is not as ghetio a5 other PHO places (like PHO T5)
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The pho is good - esp for DC - but not great compared to some of the Fho joints in Seafile who can drop
A bowd af Broth and roodias that will Blow your mind For under 54 bucks. Travalling... the downside is vou
learmn what youre missing... . That said, this is a decent spot for 2 |ate lunch owver 3 hot bowl of the the good
Shuff
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Goad pho, reasonable prices, and greal for ealing dinner bafare you g6 o the Uiptown for a Nlick. The wail
siaff can be very unresponsive, though, which is annoying. Unfortunately, they don't give you basil and
cilanira alang with ihe Sprowts 10 dump into your gho.

M Sccimak BN Sand to & Frisnd

ooon OTOB2006

| was missing home one day and decided to pop in for some comfort food and Nam Viet was exaclly whal

I needed. The walresses and wailers speaking Vietnamese and the aroma of the pho really lited my
Spirits that day.

M scciran BN Saind o & Frienad



Data can help us solve specific problems.



How should these pictures be placed

info 3 G
g info 3 groups




How should these pictures be placed into groups?

How many groups should there be?
]




Which genes are associated with a disease? How can

expression values be used to predict survival?
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s it likely that this stock was traded

- based on illegql insider information?




Where are the faces in this picture?
L




s this spam?

hi backpackers,

1 saw that close to my hotel there 1s a pub with
bowling (it’s on market between 9th and 10th avenue).
are you up to 1t? 1 think 1t 1s about 20 years 1
haven’t played... 1if you like the i1idea what about
8.30 there?

otherwise any suggestion welcome. 1 can survive
another 20 years without bowling.



Will | like 3002




What techniques people apply on
data?

They apply data mining algorithms and discover useful
knowledge

So, what are the some of the well-known Data mining
Tasks?

Clustering,

Classification,

Frequent Patterns,

Association Rules,



What people do with the time series
data?

Clustering Classification
\ —
N
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Motif Discovery Rule 10 Query by
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Visualizatio Novelty Detection




What people do
data?

Clustering

Motif Discover

Container Port

Xeﬁnery
-

— — — » Container Ships

—— Fishing Boats

Visualization

Classificati

with the trajectory

Frequent Travel Patterns

Guadalajara
- Mexico
City
Toluca®

Acapulco
-

on

Mexico
City

Toluca




In, Summary
o




Activity 1

Find top 3 recent research activities around the world
that are analyzing data. You need to write short
summary for each research activities. First three line
must follow following format:

Line 1: Problem they are trying to sole along with dataset
they are using

Line 2: How they are solving the problem

Line 3: Justify yourself why you rate this work as a top 5
activities

Remaining lines... you can think yourself ....




Activity 2: Why Data Mining 222
I
11 Google

-1 Facebook

71 Netflix

1 eHarmony

o0 FICO

0 FlightCaster
o1 IBM’s Watson




Related Field

Ma c_h Ine

Visualization




Related Field

Statistics:
more theory-based
more focused on testing hypotheses

Machine learning
more heuristic
focused on improving performance of a learning agent

also looks at real-time learning and robotics — areas not part of data
mining

Data Mining and Knowledge Discovery
integrates theory and heuristics

focus on the entire process of knowledge discovery, including data cleaning,
learning, and integration and visualization of results

Distinctions are fuzzy



Classification
I

Learn a method for predicting the instance class from pre-labeled
(classified) instances

Many approaches: Statistics,
Decision Trees, Neural
00 0 Networks,
@ o0 © O
"o 0 0
o O @ g
O eo® © ©
@) @
o © O

45



Clustering

Find ““natural” grouping of instances given un-

labeled data
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Association Rules & Frequent ltemsets

Transactions

Frequent ltemsets:
TID | Produce

MILK, BREAD, EGGS Milk, Bread (4)
BREAD, SUGAR Bread, Cereal (3)
BREAD, CEREAL Milk, Bread, Cereal (2)
MILK, BREAD, SUGAR )

MILK, CEREAL
BREAD, CEREAL

MILK, CEREAL
MILK, BREAD, CEREAL, EGGS ﬂ
MILK, BREAD, CEREAL

© 00 NO Ol d WD P

Rules:
Milk => Bread (66%)

47



Visualization & Data Mining

01 Visualizing the data to
facilitate human
discovery

-1 Presenting the
discovered results in a
visually "nice” way

48



Summarization

@ meo
@ o0 © O
© o0 0
O O
O o0
o mm & ©
© _m
- O

B Describe features of the selected
group

M Use natural language and
graphics

B Usually in Combination with

Deviation detection or other
methods

Average length of stay in this study area rose 45.7 percent,

from 4.3 days to 6.2 days, because ...

49



Data Mining Models and Tasks

Data Mining

/\

Predictive Descriptive

AN AN

Classification Regression Time Series Prediction  Clustering Summarization Association Sequence|
Analysis Rules Discovery

Obtained from Prof. Srini’s Lecture notes



