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2.1 Why Data Preprocessing?
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2.1 Why Data Preprocessing?
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e Data needs to be integrated from different sources
e Missing values

e Noisy and inconsistent values

e Data is not at the right level of aggregation




LA ot e ] @ ) 99 SR

KR 1
iEaail LMV
LEWIES AR EEIIES S
CRZSeHAETR,  CRIBRAENS  CRRMSERE PR A5k
G N ST R— T N R
—— A/ A frdimhge — RS RERW

SR — P EREE ZEF PR AN SO I TR] £



2.2 Data Integration

e Integrate data from multiple sources Into
a common format for data mining.

 Note: A good data warehouse has already
taken care of this step.

Data Warehouse

OLTP Server

Extract, clean, ‘ ‘
Other Data transform, aggregate, ‘
load, update

Sources
Data Marts




Data Integration (Contd.)

Problem: Heterogeneous schema integration

- Different attribute names
cid | name | byear Customer-ID | state
1 Jones 1960 1 NY
2 Smith 1974 2 CA
3 Smith 1950 3 NY

e Different units: Sales in $, sales in Yen, sales in

DM




Data Integration (Contd.)

Problem: Heterogeneous schema integration

e Different scales: Sales in dollars versus sales In
pennies

&)

e Derived attributes: Annual salary versus monthly
salary

cid | monthlySalary cid | Salary
1 5000 6 50,000
2 2400 7 | 100,000
3 3000 8 40,000




Data Integration (Contd.)

Problem: Inconsistency due to redundancy

e Customer with customer-id 150 has three
children In relationl and four children In

relation2

cid

numChildren

1

3

e Computation of annual salary from monthly
salary in relationl does not match “annual-

cid

numChildren

1

4

salary” attribute in relation2

cid

monthlySalary

1

5000

2

6000

cid

Salary

1

60,000

2

80,000




2.3 Missing Values
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- Attribute does not apply (e.g., maideniE =
% name)

e Inconsistency with other recorded data
e Equipment malfunction
 Human errors

e Attribute introduced recently (e.g., email
address)




Missing Values: Approaches

e |gnore the record

e Complete the missing value:

 Manual completion: Tedious and likely to be
Infeasible

 Fill in a global constant, e.g., “NULL”, “unknown”
e Use the attribute mean

e Construct a data mining model that predicts the
missing value



2.3 Noisy Data

e Examples:

e Faulty data collection instruments

e Data entry problems, misspellings

e Data transmission problems

e Technology limitation

- Inconsistency in naming conventions (x4 >J15)

e Duplicate records with different values for a
common field




Noisy Data: Remove Outliers




Noisy Data: Smoothing

X1 X




Noisy Data: Normalization

e Scale data to fall within a small, specified
range
e Leave out extreme order statistics
e Min-max normalization
e /-score normalization
e Normalization by decimal scaling



2.4 Data Reduction

Problem:

e Data might not be at the right scale for analysis.
Example: Individual phone calls versus monthly
phone call usage

e Complex data mining tasks might run a very
long time.
Example: Multi-terabyte data warehouses
One disk drive: About 20MB/s



Data Reduction: Attribute Selection

e Select the “relevant” attributes for the data mining
task

e |If there are k attributes, there are 2%-1 different
subsets

 Example: {salary, children, wyear}, {salary, children},
{salary, wyear}, {children, wyear}, {salary}, {children},

{wyear}
e Choice of the right subset depends on:
e Data mining task
e Underlying probability distribution



Attribute Selection (Contd.)

e How to choose relevant attributes:

e Forward selection: Select greedily one attribute
at a time

e Backward elimination: Start with all attributes,
eliminate irrelevant attributes

e Combination of forward selection and
backward elimination



Data Reduction: Parametric Models

e Main idea:

e Fit a parametric model to the data (e.qg.,
multivariate normal distribution)

e Store the model parameters, discard the data
(except for outliers)



Parametric Models: Example

e Instead of storing
(X,y) pairs, store only
the x-value.

Then recompute the
y-value using

y=ax+b -




Data Reduction: Sampling

e Choose a representative subset of the
data

e Simple random sampling may have very
poor performance Iin the presence of skew



Data Reduction: Sampling (Contd.)

Stratified sampling@ems: Blased sampling
e Example: Keep population group ratios

e Example: Keep minority population group count



Data Reduction: Histograms(#1-1k &)

e Divide data into buckets and store average (sum)
for each bucket

e Can be constructed “optimally” for one attribute
using dynamic programming

e Example:
Dataset: 1,1,1,1,1,1,1,1,2,2,2,2,3,3,4,4,5,5,6,6,
7,7,8,8,9,9,10,10,11,11,12,12
Histogram: (range, count, sum)
(1-2,12,16), (3-6,8,36), (7-9,6,48), (10-12,6,66)



Histograms (Contd.)

e Equal-width histogram
e Divides the domain of an attribute into k
Intervals of equal size
e Interval width = (Max — Min)/k
e Computationally easy
 Problems with data skew and outliers

e Example:

e Dataset: 1,1,1,1,1,1,1,1,2,2,2,2,3,3,4,4,5,5,6,6,
7,7,8,8,9,9,10,10,11,11,12,12

e Histogram: (range, count, sum)
(1-3,14,22), (4-6,6,30), (7-9,6,48), (10-12,6,66)



Histograms (Contd.)

e Equal-depth histogram
e Divides the domain of an attribute Iinto k

Intervals, each containing the same number of
records

e Variable interval width
e Computationally easy

e Example:

e Dataset: 1,1,1,1,1,1,1,1,2,2,2,2,3,3,4,4,5,5,6,6,
/7,7,8,8,9,9,10,10,11,11,12,12

e Histogram: (range, count, sum)
(1,8,8), (2-4,8,22), (5-8,8,52), (9-12,8,84)



Data Reduction: Discretization

e Same concept as histograms

e Divide domain of a numerical attribute into
Intervals.

» Replace attribute value with label for interval.

e Example:

e Dataset (age; salary):
(25;30,000),(30;80,000),(27;50,000),
(60;70,000),(50;55,000),(28;25,000)

e Discretized dataset (age, discretizedSalary):
(25,low),(30,high),(27,medium),(60,high),
(50,medium),(28,low)



Data Reduction: Natural Hierarchies

e Natural hierarchies on attributes can be used to
aggregate data along the hierarchy.Replace low-
level concepts with high-level concepts

e Example replacements:

e Product Name by category
e City by state

Industry Country Ylear
c tI | Quarter
ategory State ~~—
| Mon/th Week
I ~N
Product

City Day



Aggregation: Example

cid | Month | Year | Amount| Visits
1 3 2000 | $400 3
1 4 2000 | $500 2
2 3 2000 | $500 4
2 4 2000 | $200 1
3 4 2000 | $300 1
4 3 2000 | $250 1
4 4 2000 | $100 1

cid Date Amount
1 3/1/2000 $150
1 3/5/2000 $50
1 3/29/2000 $200
1 4/2/2000 $300
1 4/6/2000 $200
2 3/2/2000 $100
2 3/5/2000 $250
2 3/10/2000 $100
2 3/11/2000 $50
2 4/7 /2000 $200
3 4/2 /2000 $300
4 3/17/2000 $250
4 4/25/2000 $100




Data Reduction: Other Methods

e Principal component analysis
e Fourier transformation
e \Wavelet transformation
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Total Variance Explained

\
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Initial Eigenvalues Extraction Sums of Squared Loadings
Component Total % of Variance| Cumulative %| Total % of Variance| Cumulative %
1 3. 735 62. 254 62. 254 3. 735 62. 254 62. 254
2 1.133 18. 887 81. 142 1.133 18. 887 81. 142
3 457 7.619 88. 761
4 . 323 5. 376 94. 137
5 . 199 3. 320 97. 457
6 . 153 2. 543 100. 000

Extraction Method: Principal Component Analysis.
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Component Matrix
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Component
1 2 3 4 5 6
MATH —. 806 . 353 —. 040 . 468 .021 . 068
PHYS -. 674 . 531 —. 454 —. 240 —-. 001 —. 006
CHEM —. 675 .513 . 499 -. 181 . 002 . 003
LITERAT . 893 . 306 -. 004 —. 037 077 . 320
HISTORY . 825 . 435 . 002 .079 —. 342 —. 083
ENGLISH . 836 . 425 . 000 .074 .276 -. 197

Extraction Method: Principal Component Analysis.
a. 6 components extracted.
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Data Preprocessing: Summary

e Problems during data
Integration:
e Different attribute names
e Different units
e Different scales
e Derived attributes
e Redundant data

e Missing values
e Imputation
e Prediction

e Noisy data:

Qutlier removal
Smoothing
Normalization

e Data Reduction:

Attribute selection

Fitting parametric models
Sampling

Histograms

Discretization
Aggregation
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