
DATA MINING

GETTING TO KNOW 

YOUR DATA
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The data is also very complex

• Multiple types of data: tables, time series, 

images, graphs, etc

• Spatial and temporal aspects

• Interconnected data of different types:

• From the mobile phone we can collect, location of the 

user, friendship information, check-ins to venues, 

opinions through twitter, images though cameras, 

queries to search engines
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Example: transaction data

• Billions of real-life customers: 

• WALMART: 20M transactions per day

• AT&T 300 M calls per day

• Credit card companies: billions of transactions per day.

• The point cards allow companies to collect 

information about specific users
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Example: document data

• Web as a document repository: estimated 50 

billions of web pages

• Wikipedia: 4 million articles (and counting)

• Online news portals: steady stream of 100’s of 

new articles every day

• Twitter: ~300 million tweets every day
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Example: network data

• Web: 50 billion pages linked via hyperlinks

• Facebook: 500 million users

• Twitter: 300 million users

• Instant messenger: ~1billion users

• Blogs: 250 million blogs worldwide, presidential 
candidates run blogs
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Example: genomic sequences

• http://www.1000genomes.org/page.php

• Full sequence of 1000 individuals

• 3*109 nucleotides per person → 3*1012 

nucleotides

• Lots more data in fact: medical history of the 

persons, gene expression data
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Example: environmental data

• Climate data (just an example)

http://www.ncdc.gov/oa/climate/ghcn-monthly/index.php

• “a database of temperature, precipitation and 

pressure records managed by the National Climatic 

Data Center, Arizona State University and the Carbon 

Dioxide Information Analysis Center”

• “6000 temperature stations, 7500 precipitation 

stations, 2000 pressure stations”

• Spatiotemporal data
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Behavioral data

• Mobile phones today record a large amount of information about the 
user behavior
• GPS records position

• Camera produces images

• Communication via phone and SMS

• Text via facebook updates

• Association with entities via check-ins

• Amazon collects all the items that you browsed, placed into your 
basket, read reviews about, purchased.

• Google and Bing record all your browsing activity via toolbar plugins. 
They also record the queries you asked, the pages you saw and the 
clicks you did.

• Data collected for millions of users on a daily basis
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So, what is Data?

• Collection of data objects and 

their attributes

• An attribute is a property or 

characteristic of an object

• Examples: eye color of a person, 

temperature, etc.

• Attribute is also known as 

variable, field, characteristic, or 

feature

• A collection of attributes describe 

an object

• Object is also known as record, 

point, case, sample, entity, or 

instance

Tid Refund Marital 
Status 

Taxable 
Income Cheat 

1 Yes Single 125K No 

2 No Married 100K No 

3 No Single 70K No 

4 Yes Married 120K No 

5 No Divorced 95K Yes 

6 No Married 60K No 

7 Yes Divorced 220K No 

8 No Single 85K Yes 

9 No Married 75K No 

10 No Single 90K Yes 
10 

 

Attributes

Objects

Size: Number of objects

Dimensionality: Number of attributes

Sparsity: Number of populated 

 object-attribute pairs



Types of Attributes 

•  There are different types of attributes

• Categorical 

• Examples: eye color, zip codes, words, rankings (e.g, good, 

fair, bad), height in {tall, medium, short}

• Nominal (no order or comparison) vs Ordinal (order but not 

comparable)

• Numeric

• Examples: dates, temperature, time, length, value, count.

• Discrete (counts) vs Continuous (temperature)

• Special case: Binary attributes (yes/no, exists/not exists)
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Numeric Record Data

• 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 n-by-d data 

matrix, where there are n rows, one for each object, and d 

columns, one for each attribute
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Categorical Data 

• Data that consists of a collection of records, each 

of which consists of a fixed set of categorical 

attributes 
Tid Refund Marital 

Status 
Taxable 
Income Cheat 

1 Yes Single High No 

2 No Married Medium No 

3 No Single Low No 

4 Yes Married High No 

5 No Divorced Medium Yes 

6 No Married Low No 

7 Yes Divorced High No 

8 No Single Medium Yes 

9 No Married Medium No 

10 No Single Medium Yes 
10 
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Document Data

• 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. 

• Bag-of-words representation – no ordering
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1 0 0 1 2 2 0 3 0
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Transaction Data

• Each record (transaction) is a set of items.

• A set of items can also be represented as a binary 
vector, where each attribute is an item. 

• A document can also be represented as a set of 
words (no counts) 

TID Items 

1 Bread, Coke, Milk 

2 Beer, Bread 

3 Beer, Coke, Diaper, Milk 

4 Beer, Bread, Diaper, Milk 

5 Coke, Diaper, Milk 

 

Sparsity: average number of products bought by a customer
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Ordered Data 

•  Genomic sequence data

• Data is a long ordered string

GGTTCCGCCTTCAGCCCCGCGCC

CGCAGGGCCCGCCCCGCGCCGTC

GAGAAGGGCCCGCCTGGCGGGCG

GGGGGAGGCGGGGCCGCCCGAGC

CCAACCGAGTCCGACCAGGTGCC

CCCTCTGCTCGGCCTAGACCTGA

GCTCATTAGGCGGCAGCGGACAG

GCCAAGTAGAACACGCGAAGCGC

TGGGCTGCCTGCTGCGACCAGGG
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Ordered Data

• Time series

• Sequence of ordered (over “time”) numeric values.
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Graph Data 

• Examples: Web graph and HTML Links 

5

2

1

 2

5

<a href="papers/papers.html#bbbb">

Data Mining </a>

<li>

<a href="papers/papers.html#aaaa">

Graph Partitioning </a>

<li>

<a href="papers/papers.html#aaaa">

Parallel Solution of Sparse Linear System of Equations </a>

<li>

<a href="papers/papers.html#ffff">

N-Body Computation and Dense Linear System Solvers
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Types of data

• Numeric data: Each object is a point in a 
multidimensional space

• Categorical data: Each object is a vector of 
categorical values

• Set data: Each object is a set of values (with or 
without counts)
• Sets can also be represented as binary vectors, or 

vectors of counts

• Ordered sequences: Each object is an ordered 
sequence of values.

• Graph data
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What can you do with the data?

• Suppose that you are the owner of a supermarket 

and you have collected billions of market basket 

data. What information would you extract from it 

and how would you use it?

• What if this was an online store?

TID Items 

1 Bread, Coke, Milk 

2 Beer, Bread 

3 Beer, Coke, Diaper, Milk 

4 Beer, Bread, Diaper, Milk 

5 Coke, Diaper, Milk 

 

Product placement

Catalog creation

Recommendations
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What can you do with the data?

• Suppose you are a search engine and you have 

a toolbar log consisting of 

• pages browsed,

• queries, 

• pages clicked,

• ads clicked 

each with a user id and a  timestamp. What 

information would you like to get our of the data?

Ad click prediction

Query reformulations
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What can you do with the data?

• Suppose you are biologist who has microarray 
expression data: thousands of genes, and their 
expression values over thousands of different 
settings (e.g. tissues). What information would you 
like to get out of your data?

Groups of genes and tissues
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What can you do with the data?

• Suppose you are a stock broker and you observe 

the fluctuations of multiple stocks over time. What 

information would you like to get our of your 

data?
Clustering of stocks

Correlation of stocks

Stock Value prediction
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What can you do with the data?

• You are the owner of a social network, and you 

have full access to the social graph, what kind of 

information do you want to get out of your graph?

• Who is the most important node in the graph?

• What is the shortest path between two nodes?

• How many friends two nodes have in common?

• How does information spread on the network?
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Properties of Attribute Values 

• The following properties (operations) of numbers 
are typically used to describe attributes.

• Nominal attribute: distinctness

• Ordinal attribute: distinctness & order

• Interval attribute: distinctness, order & meaningful 
differences

• Ratio attribute: all 4 properties/operations

1. Distinctness = and ≠
2. Order  <, ≤, >, and ≥
3. Addition  + and −
4. Multiplication ∗ and /
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Difference Between Ratio and Interval 

• Is it physically meaningful to say that a 
temperature of 10 ° is twice that of 5° on 

• the Celsius scale?

• the Fahrenheit scale?

• the Kelvin scale?

• Consider measuring the height above average

• If Bill’s height is three inches above average and Bob’s 

height is six inches above average, then would we say 

that Bob is twice as tall as Bill?

• Is this situation analogous to that of temperature?
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Attribute Type Description Examples Operations

Categor

ical 

(Qualita

tive)

Nominal The values of a nominal attribute are 

just different names; i.e., nominal 

values provide only enough 

information to distinguish one object 

from another.  (=,  ≠)

zip codes, 

employee ID 

numbers, eye 

color, gender

mode, entropy,

contingency

correlation,

χ2 test

Ordinal The values of an ordinal attribute 

provide enough information to order

objects. (<, >)

hardness of 

minerals, {good, 

better, best},

grades, street 

numbers

median, 

percentiles, rank 

correlation, run 

tests, sign tests

Numeri

c 

(Quantit

ative)

Interval For interval attributes, the 

differences between values are 

meaningful, i.e., a unit of 

measurement exists. (+, − )

calendar dates,

temperature in 

Celsius or 

Fahrenheit

mean, standard 

deviation, 

Pearson’s 

correlation, t 

and F tests

Ratio For ratio variables, both differences 

and ratios are meaningful. (*, /)

temperature in 

Kelvin, monetary 

quantities, counts, 

age, mass, length,

electrical current

geometric 

mean, harmonic 

mean, percent

Variation
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Discrete and Continuous Attributes 

• Discrete Attribute
• Has only a finite or countably infinite set of values

• Examples: zip codes, counts, or the set of words in a 
collection of documents 

• Often represented as integer variables.   

• Note: binary attributes are a special case of discrete 
attributes 

• Continuous Attribute 
• Has real numbers as attribute values

• Examples: temperature, height, or weight.  

• Practically, real values can only be measured and 
represented using a finite number of digits.

• Continuous attributes are typically represented as floating-
point variables.  
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Asymmetric Attributes

• Only presence (a non-zero attribute value) is regarded as 

important
• Words present in documents

• Items present in customer transactions

• If we met a friend in the grocery store would we ever say 

the following?

“I see our purchases are very similar since we didn’t buy most 

of the same things.” 
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Data Quality 

• Poor data quality negatively affects many data processing 

efforts

• Data mining example: a classification model for detecting 

people who are loan risks is built using poor data

• Some credit-worthy candidates are denied loans

• More loans are given to individuals that default
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Data Quality ….

• What kinds of data quality problems?

• How can we detect problems with the data? 

• What can we do about these problems? 

• Examples of data quality problems: 

• Noise and outliers 

• Wrong data 

• Fake data 

• Missing values 

• Duplicate data 
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Noise
• For objects, noise is an extraneous object

• For attributes, noise refers to modification of original values

• Examples: distortion of a person’s voice when talking on a poor 

phone and “snow” on television screen

• The figures below show two sine waves of the same magnitude 

and different frequencies, the waves combined, and the two sine 

waves with random noise

•  The magnitude and shape of the original signal is distorted 
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Outliers

• Outliers are data objects with characteristics that 
are considerably different than most of the other 
data objects in the data set
• Case 1: Outliers are 

noise that interferes
with data analysis 

• Case 2: Outliers are 
the goal of our analysis

•  Credit card fraud

•  Intrusion detection 

• Causes?
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Missing Values

• Reasons for missing values
• Information is not collected 

(e.g., people decline to give their age and weight)

• Attributes may not be applicable to all cases 
(e.g., annual income is not applicable to children)

• Handling missing values
• Eliminate data objects or variables

• Estimate missing values
• Example: time series of temperature

• Example: census results 

• Ignore the missing value during analysis

34



Duplicate Data

• Data set may include data objects that are duplicates, 

or almost duplicates of one another

• Major issue when merging data from heterogeneous sources

• Examples:

• Same person with multiple email addresses

• Data cleaning

• Process of dealing with duplicate data issues

• When should duplicate data not be removed?
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Similarity and Dissimilarity Measures

• Similarity measure
• Numerical measure of how alike two data objects are.

• Is higher when objects are more alike.

• Often falls in the range [0,1]

• Dissimilarity measure
• Numerical measure of how different two data objects 

are 

• Lower when objects are more alike

• Minimum dissimilarity is often 0

• Upper limit varies

• Proximity refers to a similarity or dissimilarity
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Similarity/Dissimilarity for Simple 

Attributes
• The following table shows the similarity and 

dissimilarity between two objects, x and y, with 

respect to a single, simple attribute.
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Euclidean Distance

• Euclidean Distance

   

where n is the number of dimensions (attributes) and 
xk and yk are, respectively, the kth attributes 
(components) or data objects x and y.

•  Standardization is necessary, if scales differ.
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Euclidean Distance

point x y

p1 0 2

p2 2 0

p3 3 1

p4 5 1
0

1

2

3

0 1 2 3 4 5 6

p1

p2

p3 p4

p1 p2 p3 p4

p1 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
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Minkowski Distance

• Minkowski Distance is a generalization of Euclidean 
Distance

   

   Where r is a parameter, n is the number of dimensions 
(attributes) and xk and yk are, respectively, the kth attributes 
(components) or data objects x and y.
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Minkowski Distance: Examples

• r = 1.  City block (Manhattan, taxicab, L1 norm) distance. 

• A common example of this for binary vectors is the 
Hamming distance, which is just the number of bits that 
are different between two binary vectors

• r = 2.  Euclidean distance

• r → .  “supremum” (Lmax norm, L norm) distance. 

• This is the maximum difference between any component 
of the vectors

• Do not confuse r with n, i.e., all these distances are 
defined for all numbers of dimensions.
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Minkowski Distance

L2 p1 p2 p3 p4

p1 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

point x y

p1 0 2

p2 2 0

p3 3 1

p4 5 1

L1 p1 p2 p3 p4

p1 0 4 4 6

p2 4 0 2 4

p3 4 2 0 2

p4 6 4 2 0

L p1 p2 p3 p4

p1 0 2 3 5

p2 2 0 1 3

p3 3 1 0 2

p4 5 3 2 0
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Mahalanobis Distance

• 𝐦𝐚𝐡𝐚𝐥𝐚𝐧𝐨𝐛𝐢𝐬 𝐱, 𝐲 =  ((𝐱 − 𝐲)𝑇 Ʃ−1(𝐱 − 𝐲))-0.5

 is the covariance matrix

For red points, the Euclidean distance is 14.7, Mahalanobis distance is 6.
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Mahalanobis Distance
Covariance 

Matrix:









=

3.02.0

2.03.0

A: (0.5, 0.5)

B: (0, 1)

C: (1.5, 1.5)

Mahal(A,B) = 5

Mahal(A,C) = 4 

B

A

C
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Common Properties of a Distance

• Distances, such as the Euclidean distance, 
have some well known properties.

1. d(x, y)  0   for all x and y and d(x, y) = 0 if and only if  
x = y.

2. d(x, y) = d(y, x)   for all x and y. (Symmetry)

3. d(x, z)  d(x, y) + d(y, z)   for all points x, y, and z.  
(Triangle Inequality)

 where d(x, y) is the distance (dissimilarity) between 
points (data objects), x and y.

• A distance that satisfies these properties is a 
metric
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Common Properties of a Similarity

• Similarities, also have some well known 
properties.

1. s(x, y) = 1 (or maximum similarity) only if x = y. 
(does not always hold, e.g., cosine)

2. s(x, y) = s(y, x)   for all x and y. (Symmetry)

 where s(x, y) is the similarity between points (data 
objects), x and y.
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Similarity Between Binary Vectors

• Common situation is that objects, x and y, have only binary 
attributes

• Compute similarities using the following quantities

 f01 = the number of attributes where x was 0 and y was 1

 f10 = the number of attributes where x was 1 and y was 0

 f00 = the number of attributes where x was 0 and y was 0

 f11 = the number of attributes where x was 1 and y was 1

• Simple Matching and Jaccard Coefficients 

 SMC =  number of matches / number of attributes 

                 =  (f11 + f00) / (f01 + f10 + f11 + f00)

 J = number of 11 matches / number of non-zero attributes

     = (f11) / (f01 + f10 + f11) 
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SMC versus Jaccard: Example

x =  1 0 0 0 0 0 0 0 0 0     

y =  0 0 0 0 0 0 1 0 0 1 

f01 = 2   (the number of attributes where x was 0 and y was 1)

f10 = 1   (the number of attributes where x was 1 and y was 0)

f00 = 7   (the number of attributes where x was 0 and y was 0)

f11 = 0   (the number of attributes where x was 1 and y was 1)

 
SMC = (f11 + f00) / (f01 + f10 + f11 + f00)

   = (0+7) / (2+1+0+7) = 0.7 

J = (f11) / (f01 + f10 + f11) = 0 / (2 + 1 + 0) = 0 
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Cosine Similarity

• If d1 and d2 are two document vectors, then
             cos( d1, d2 ) =  <d1,d2> / ||d1|| ||d2|| , 
where <d1,d2> indicates inner product or vector dot 
product of vectors, d1 and d2,  and || d || is the   length 
of vector d.  

• Example: 

   d1 =  3 2 0 5 0 0 0 2 0 0 

    d2 =  1 0 0 0 0 0 0 1 0 2 
<d1, d2> =  3*1 + 2*0 + 0*0 + 5*0 + 0*0 + 0*0 + 0*0 + 2*1 + 0*0 + 0*2 = 5

| d1 || = (3*3+2*2+0*0+5*5+0*0+0*0+0*0+2*2+0*0+0*0)0.5 =  (42) 0.5 = 6.481

|| d2 || = (1*1+0*0+0*0+0*0+0*0+0*0+0*0+1*1+0*0+2*2) 0.5 = (6) 0.5 = 2.449

cos(d1, d2 ) = 0.3150
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Correlation measures the linear relationship 

between objects
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Visually Evaluating Correlation

Scatter plots 

showing the 

similarity from 

–1 to 1.
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Drawback of Correlation

x = (-3, -2, -1, 0, 1, 2, 3)

y = (9, 4, 1, 0, 1, 4, 9)

yi = xi
2

mean(x) = 0, mean(y) = 4

std(x) = 2.16, std(y) = 3.74

corr = (-3)(5)+(-2)(0)+(-1)(-3)+(0)(-4)+(1)(-3)+(2)(0)+3(5) / ( 6 * 2.16 * 3.74 )

            = 0
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Correlation vs Cosine vs Euclidean Distance

Compare the three proximity measures according to their behavior under 

variable transformation

– scaling: multiplication by a value

– translation: adding a constant

Consider the example

– x = (1, 2, 4, 3, 0, 0, 0), y = (1, 2, 3, 4, 0, 0, 0)

– ys  = y * 2 (scaled version of y),  yt  = y + 5 (translated version)
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Correlation vs Cosine vs Euclidean Distance

• Choice of the right proximity measure depends on the domain

• What is the correct choice of proximity measure for the 

following situations?

• Comparing documents using the frequencies of words

• Documents are considered similar if the word frequencies are similar

• Comparing the temperature in Celsius of two locations

• Two locations are considered similar if the temperatures are similar in 

magnitude

• Comparing two time series of temperature measured in Celsius

• Two time series are considered similar if their “shape” is similar, i.e., they 

vary in the same way over time, achieving minimums and maximums at 

similar times, etc. 
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