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Clustering financial terms and giving them their polarity scores using news articles
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In the previous research, a new approach for giving the financial terms whose positive-negative polarity score is
unknown, and making the feature vector of a document useful for predicting stock price trends was proposed. Our
subject is to evaluate the usefulness of this approach in predicting. First, we assigned a numerical vector to a word
appeared in financial news documents, and defined the feature vectors of documents. Then, we analyzed the stock
price trend and the sentiment score which can be evaluated from the textual data of Yahoo! finance board using
this feature vector. As a result of comparison with other traditional methods, the proposal method could forecast
in higher accuracy about the stock price trends and the sentiment scores.
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O 1: Neural NetWork Model used in this paper
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*1 http://textream.yahoo.co.jp/category/1834773



0 1: Return prediction, the mean accuracy and F'-measure
on the test data set

Methods Accuracy (+0) Fi-measure (o)

LDA (500) 0.3556 0.3509

LDA (200) 0.3222 0.3185

LDA (100) 0.3167 0.2972

LDA (50) 0.3444 0.3395

BOW 0.3444 0.3350

CDR(K = 500) 0.3556 0.3388

CDR(K = 200) 0.3722 0.3379

CDR(K = 100) 0.3056 0.2806

CDR(K = 50) 0.3667 0.3547
Veategory (K = 500) 0.3833(40.0243) | 0.3835(40.0255)
f1(Veategory + bo) (KX = 500) || 0.3800(40.0255) | 0.3801 (£0.0281)
Veategory (K = 200) 0.4011(=£0.0275) | 0.4014(+0.0325)
J1(Veategory + bo) (KK = 200) || 0.4022(+0.0249) | 0.4022(+0.0306)
Veategory (K = 100) 0.3711(£0.0197) | 0.3717(%0.0201)
1 (Veatogory + bo)(K = 100) || 0.3767(0.0419) | 0.3770 (£0.0421)
Veategory (K = 50) 0.3922(£0.0152) | 0.3912(%0.0156)
f1(Veategory + bo) (K = 50) 0.3900(£0.0254) | 0.3900 (+0.0248)
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%2 The mname list can be downloaded from http:
//t21.nikkei.co.jp/public/help/contract/price/01/
help_kiji_thes_field.html

*3  The title list can be downloaded
http://dumps.wikimedia.org/jawiki/latest/
jawiki-latest-all-titles-in-ns0.gz

*4 The name list can be downloaded from http://d.hatena.
ne. jp/images/keyword/keywordlist_furigana.csv

*5  The name list can be downloaded from http://www.nii.ac.
jp/cscenter/idr/nico/nicopedia-apply.html
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O 2: Sentiment prediction, the mean accuracy and Fi-
measure on the test data set

Methods Accuracy (+o0) Fi-measure (o)

LDA (500) 0.4021 0.3998

LDA (200) 0.3814 0.3772

LDA (100) 0.3299 0.3221

LDA (50) 0.3041 0.3093

BOW 0.3711 0.3735

CDR( 00) 0.3402 0.3236

CDR(200) 0.3608 0.3630

CDR(100) 0.2784 0.2827

CDR (50) 0.3299 0.3273
Veategory (K = 500) 0.4000(£0.0335) | 0.3992 (40.0335)
Fi (Veategory + bo) (K = 500) || 0.3938(40.0476) | 0.3936(40.0472)
Veatogory (K = 200) 0.4268(£0.0654) | 0.4273(£0.0652)
F1 (Veategory + bo) (K = 200) || 0.3959(£0.0556) | 0.3972 (£0.0550)
Veategory (K = 100) 0.4268(£0.0082) | 0.4301 (£0.0118)
f1 (Veategory + bo)(K 100) || 0.4165(£0.0202) | 0.4191(+0.0246)
Veategory (K = 50) 0.4412(£0.0308) | 0.4408 (+0.0296)
f1 (Veategory + bo)(K = 50) || 0.4289(+0.0191) | 0.4280(+0.0183)
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