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Abstract: In the era of big data it is an enormous challenge about data perception expression understanding and computing due to the in—
herent complexity of data type organization pattern different relations and data quality.Data preprocessing is a very important preparation
before data analysis and mining.On the one hand it ensures the correctness and effectiveness of data mining.On the other hand the adjust—
ment of the data format and content makes data meet the demand of mining. We analyze the main tasks of data preprocessing and summa-
rize several popular processing methods for handling various kinds of “dirty data”.The algorithms of data cleaning integration transfor—
mation and reduction are discussed in detail. Using such kinds of preprocessing methods we can remove redundant and error data improve
the incomplete data promote the required data integration help data refinement and data consistency of centralized storage.We also can
get the minimum and the most reliable data set necessary for the mining system.It also reduces the cost of data mining and improves the
accuracy validity and practicability of knowledge discovery.
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EM ( expectation R
—maximization algorithm) , MI ( multiple imputa— N
tion)  KNNI ( k—nearest neighbor imputation) .
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( data reduction) :
(latent variable) *” .
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(3) ( noise treatment) o o
. (1 ( dimensionality re—
“ . duction) o ( feature selec—
N tion) ( space transformations)
N 3 o o
. ( data polishing) N
; : LVF( Las Vegas filter) \MIFS( mutual information
o feature selection) \mRMR ( minimum redundancy maxi-
o ( data filters) mum relevance) |Relief o
N o o LLE( locally linear
IPF ( itera— embedding) \PCA( principal components analysis) ' .
tive partitioning filter) \EF ( ensemble filter) " (2) ( instance reduction) o
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( data integration)
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:(a) ( instance selection) o

o CNN
( condensed nearest neighbor) . ENN ( edited nearest
neighbor) | ICF ( iterative case filtering) . DROP( decre—
- (b)

mental reduction by ordered projections)

( instance generation) .

LVQ( learning vector quantization) 7 .
(3) ( discretization)
13
o : MDLP ( minimum description

length principle) . ChiMerge. CAIM ( class — attribute in—
terdependence maximization) "

(4) ( imbalanced learning) .
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