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Duplicate Data

e Data set may include data objects that are
duplicates, or almost duplicates of one another

— Major issue when merging data from heterogeous
sources

® Examples:
— Same person with multiple email addresses

® Data cleaning
— Process of dealing with duplicate data issues
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Data Preprocessing

|- @ Aggregation

2-® Sampling

7~ Dimensionality Reduction

‘@ Feature subset selection

> -@ Feature creation

& -@ Discretization and Binarization

/- @ Attribute Transformation
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# Comblmng two or more attributes (or objects) into
a single attribute (or object)

® Purpose
— Data reduction
¢ Reduce the number of attributes or objects
— Change of scale
+ Cities aggregated into regions, states, countries, etc
— More “stable” data
¢ Aggregated data tends to have less variability
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Aggregatlon

Variation of Precipitation in Australia
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Standard Deviation S Ot
Standard Deviation of Average Standard Deviation of Average
Monthly Precipitation Yearly Precipitation

éTan,Steinbach, Kumar Introduction to Data Mining 4/18/2004 28

4 ~.',50W4r*19(«)ﬂp Aqq\peqa‘)rw—(r—g, vF‘/.—rs‘o)(ﬂ' b l> g

(lb

02



" O =
Ple (s \ guﬁ

. ] /- - g e 21 \
2 WL Do oo i 1 1o Yoo

#

(ﬁ s ww@ ro Lobed> g

s P oz = i I, .
510021 10 CA GG € Gl o ey oo Ss S S pling

vl

@

/Uue Cf///r’ (,Jv TN 2e 1)),ﬂw(56h5\8_ﬁ P \J(Jl:_p/) SO\"‘P\"D //t f()'\ (‘\Lor e (A’j
Vi

o~

o sj‘Jy’@J“

ot {()()34’(_,

G

Salé;;)i:[ng (]"(‘/(/J’/” ‘f (\)»‘LJJUL)”*& )(”/J‘)k//D

consuming.

®q) g e ) )g(w)bg/// P ’«»v’u’f”’w

® Sampling is the main technique employed for data selection.

—~ It is often used for both the preliminary investigation of the data
and the final data analysis.

® Statisticians sample because obtaining the entire set of data
of interest is too expensive or time consuming.

® Sampling is used in data mining because processing the
entire set of data of interest is too expensive or time
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entire data sets, if the sample is representative

- s

- A sample is representative if it has approximately the ‘
same property (of interest) as the original set of data
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