#38% F 10
2011 4£ 10

A N S

Computer Science Oct 2011

& T Hadoop F &R BRI AT EMFFITH

AR & BB & W SER
(BEAEHANMEEHEAR  HX 210093)

H E LA ERBERTHRBERENARASER SRR, ESRABAT 2L i hENELR, A5
MAEXAHBEEIRHER, SAYR TR X RLE, XLAEIFARETRAAKGF R A B XK, £ Ha-
doop #HFXFETERT M EAUN XA LA L —TFIDF 32 Lk . F—#HETHET AP L H 0k,
CREBMMEFINSEALER, EFANMKBELIRTER . 2R 429, E—HFRHEEEXHMEE LRAFRFTUE
FRABR TR EFEEA,

KER A9 R, H471L, EF4IE, Hadoop

FEEFES N532 XRERRIRE A

Parallel Text Categorization of Massive Text Based on Hadoop
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Abstract In recent years, there have been extensive studies and rapid progresses in automatic text categorization, which
is one of the hotspots and key techniques in the information retrieval and data mining field. In recent years,as the text
data grows exponentially, to effectively manage the large storage of data, we must use efficient algorithm to process it in
the distributed environment. In this paper, we implemented a simple and effective text categorization algorithm on ha-
doop—-TFIDF classifier,an algorithm based on vector space model, cosine similarity was applied as the metrics. The ex-

periments on two datasets show that the parallel algorithm is effective on large storage of data and can be applied in
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practical application field.
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class Mapper
method map({label, docid> , tfidfVector)
write({label, docid) , tfidf Vector) ;
class Reducer
Matrix matrix; //B—FTR R —NE 5] 4 1) AN
int i=0;
String[ ] labels;
Vector totalVec; //i0 BT YLk SCHS i i) & F1
int fileNum[ ]=1{0};//i0FB— XM B
int totalFile=0;
method reduce(label, [ {docid, tfidf Vector , -+« ]
label[i]=Ilabel;
for (val:values)
totalVec=totalVec+val;
matrix[i]=matrix[i]. plus(val) ;
fileNum[i]++;
totalFile++;
i++;
method cleanup()
Vector vector;
for(int i=0;i<’matrix. rows;i++)
vector=ALPHA * matrix[i]/fileNum[i]— BETA % (totalVec—
matrix[i])/ (totalFile— fileNum) ;
write(label[i], vector) ;
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class Mapper
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String[ ] labels;
method setup()

int i=0;



SequenceFile. Reader reader=new SequenceFile.
Reader(“trainingModel”) ;
while(reader. next(key. value)
matrix. assignRow(i, value) ;
[abels(i|=key;
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for(int i=0;1<ma. numRows;i++)
double cos= cos-sim(tfidf Vector, ma. getRow(i) ;
if(max<Ccos)
max=cos;
testLabel=labels[ i];
write(label, (testLabel,docid)) ;
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