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User Characteristic Analysis Based on Spark and the Improved TF-IDF Algorithm
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Abstract: Applying Naive Bayes classification algorithm and integrating Spark memory computing framework,the

paper analyzes the information about users' video watching and builds up a classification model of genders and age ranges.

Then the paper optimizes the model through the weights of characteristic items.Considering the influence of weight of

each characteristic item in its own category on the classification results,the paper proposes a TFC-IDFC weight computing

algorithm based on the correlation between characteristic items and categories. Through the comparison in the accuracy

rate and the F1 value with traditional TF-IDF weight computing algorithms,this TFC-IDFC weight computing algorithm is

proved to provide the model with better classification ability.
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Fig.1 Experiment system architecture
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Tab.1 Test set classification

BH #4585 eI T %%k S
BT %% . -
B T %2 . d

B4 IEMIZ (accuracy), #5E (precision) 173 7] #(recall)
FITFEEA R a0 24 K (16)— AR (18),

a+d (16)
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a+b+c+d
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a+b
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A SR IR SEREARRY LB 5 RN A 18] 35031 AN TR 14 £
FERMLET 73 2 oy i, — e OL X AR B A
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2 x precision x recall
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precision + recall
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F2 RN, TF-IDF. TFC-IDFCHE XM 3890 £ 150
Tab.2 Gender classification of unweighted,

TF—-IDF and TFC—IDFC weight

NAES Fufii
5
Al TF-IDF TFC-IDFC Ahit TF-IDF TFC-IDFC
5 0.8512  0.8667 0.8871 0.8397  0.8518 0.8741
4% 0.8512  0.8667 0.8871 0.8622  0.8788 0.8970
R3 KINL. TF-IDF. TFC—-IDFCHEXFR X 8494 K150
Tab.3 Age classification of unweighted,
TF—IDF and TFC—IDFC weight
NRES F1fi
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AMAL TF-IDF TFC-IDFC Ai#l TF-IDF TFC-IDFC

19%PAF 0.8841  0.8983 0.9017 0.6163 0.6324 0.6482
19—30% 0.8174 0.8313 0.8480 0.7657 0.7718 0.7919
31—40% 0.7811 0.7950 0.8430 0.7610 0.7746 0.7931
41—50% 0.8292 0.8450 0.8663 0.6134 0.6259 0.6678
504 AL 0.8872  0.9033 0.9180 0.7674  0.7837 0.8100
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BRI S 2K RE T, (R R AR AR E A E AR A S h 1
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FRAETR 5 2 ) 2 (8] A S M T e ) TF C—IDF A E T 557
W, BB Y — N RHE TR AP B TR A S
AR A2 5 R 7 7R A 55 A HE SR AN 28 R AR
o, EEARRAL G I A 2SR R RO BN FRAE . PRARIAR
W4 DX [ 9 2 BB A P L (235 SR B2 R PR 2 R 3 BT s o

0.92
09 +

0.88
o kiR
@ TF-IDF
 mTFCIDFC

0.86

0.84 +—

0.82 —
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8 -
B2 M 5 EARAFIE LR

Fig.2 F'1 value of gender classification model

0.9
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O &R
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0.6 = W TFC-IDFC

0.5

0.4 + . T "
<19 19-30 3140 41-50 >50

B3 8 X6 4 K AL F IR 2%
Fig.3 F'1 value of age classification model

4 #5i8(Conclusion)
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