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Data mining of sentiment based on word2vec.
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INFO: PROGRESS: at 3.32% examples, 75793 words/s, in_gs
INFO: PROGRESS: at 6.37% examples, 76183 words/s, in_gs
INFO: PROGRESS: at 9.84% examples, 74121 words/s, in_gs
INFO: PROGRESS: at 12.74% examples, 69242 words/s, in_q
INFO: PROGRESS: at 15.97% examples, 69716 words/s, in_q
INFO: PROGRESS: at 19.71% examples, 71789 words/s, in_q

INFO: PROGRESS: at 23.79% examples, 74526 words/s, in_q

INFO: PROGRESS: at 28.08% examples, 77781 words/s, in_q

INFO: PROGRESS: at 32.90% examples, 80504 words/s, in_q

INFO: PROGRESS: at 37.61% examples, 82968 words/s, in_q

INFO: PROGRESS: at 42.49% examples, 84927 words/s, in_q
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>>> result=model.most_similar(u"{RE")
>>> for e in result:
print e[0], e[1]

.924601256847
.733630597591
.691097795963
.689484536648
0.688739895821

.686941325665
.68683642149

.683317780495
.680120646954
.675670862198
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>>> result=model.most_similar(u"EE")
>>> for e in result:
print e[0], e[1]

.854473829269

.816890001297
.807511508465
.805728435516
.804571390152
.800516963005
. 785292208195
.784702301025
.775212407112
.762710690498
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>>> result=model.most_similar("luxgen")
>>> for e in result:
print e[0], e[1]

0.651146233082
0.649157345295
% 0.640007615089

.632611572742
0.622309207916
0.61246830225

.597100496292
0.592600941658

.590692937374
0.590583205223
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>>> result=model.most_similar(u"3R{E")
>>> for e in result:
print e[0], e[1]

MEIER) 0.191532313824
{FF%Z 0.184567078948
7580 0.179777443409

}73% 0.179080232978

ITEX 0.170517712831

AB]& 0.166952252388

RS 0.162761792541

% 0.156733453274
I RAHEEEE 0.15637640655
FER 0.156299352646

B 4-21 %3

>>> result=model.most_similar(u";BEE")
>>> for e in result:
print e[0], e[1]

0.186927571893
855 0.174567013979
0.171918794513
SHE 0.170480147004
0.166295751929
%788 0.165853306651
ﬁé?éﬁ%eﬁ 0.165104150772
P ©.159420341253
0.159055486321
0.158660337329

Hg%MMﬁmﬂﬂé'

B 4-22 % 4

>>> result=model.most_similar(u";HiE")
>>> for e in result:
print e[0], e[1]

Zzu»E!BU 0.197165384889
5|LAA%5 0.181686624885
8B5E 0.175708919764

BIEERN 0.175355672836
$HEE 0.174215525389
fRE 0.172500491142
REERY 0.167452245951
#:E 0.166208744049
HEE 0.161510720849
B5{ER) 0.160968005657

B 4-23 %5

>>> result=model.most_similar(u"{ZEEE")
>>> for e in result:
print e[0], e[1]

.207492768764
.190478697419
.177099272609
.17352090776
0.168456986547
.164877578616
0.163023918867

BEEEER 0.160962358117

,xﬂd 0.160062640905

sl 0.159669592977
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