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ARRETIIZOMEEZMRRTH-DICEAFOETEEFERLHE L, FHEOLFIIH LT
BEDOEEBRRIETEFRATIZL2RET D,

I TCRAROETEE#R#ZWET H-DICa—R22HAT B, 3—/32 & LTIt BCCWJ
a—nR20 TEE) 2FALE, FF2—32% MeCab I X » THIT L TLMDAZE LT
B4, TELTRYHLEAFHZ IV FLTa—RANOAFDEEEZRD B,

Wiz, BAZE WordNet THIV ¥ ToHONLFICHT2ER—FOY X MEED, b
NTWBABROFEEEZL2TME L TV,

BBIEOREWVBIZZDEHZI—FOY A MY — b5, ZThEiEH=— FOIEN
REMESR, FEEa— FOIBMROIEY FOBELSR LZKIIK 4.3127°7,
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4. 5 BEEREBIEE~DILH

R MNVOBRMICTERERI— RIS E2M232 L0k, BHROKEERHSIT A
ERENRDZ L2 5,

NI MAELTHEHDOHFEMEE LTI, XIRTELDRTWAEEEOREOBEELFAL.,

#ttel,e2,e8,e4 FTIHHER 2 — FE 2 EDLRVWFELRAKROREELFIAT S, Fikeb
LT, e3¢ 4 DAFADEERD— Fhb, BRI — NRMIRL Y L3> T 2FIAH L7,

Bl LT, BEBRIOMREEL TH<) L LT, UTOXEEZS,

BEE/ RIMR /2 /ML KT =/,
ZOBE. <) OBEA, BEEOBENS, el B (%), 2B TFF=) 2B, KT [#
| DHIFOBIFBENHIEWVIEIZERY , e31% N@Fs) & MtfR) s, <) o%FD
BIMENOEWIEICERD, edix TFF<w) &[] L72h, RiZe3 L ed N DAFERY H
T, AFhd N@EE) ER) TR~y ©3-oTHY, FiEFE=— N& HAFE WordNet 225
AT, ULTOEE=— F2HED,

@& : 01803583-a, 01041481-a, 01507402-a
R :09270894-n, 07966140-n, 14514805-n, 09480809-n., 05809878-n, 07965973-n
FZ = :07290278-n. 06376154-n, 07007945-n

IOEFHE I FEEHR—PFIEMARL Y L2325 T2FIATH, ChEXEFERET D,
THLAATHEBRB - FIIUTD9DITRD, '

W& : 01803583-a, 01041481-a, 01507402-a
it : 09270894-n, 14514805-n, 07965973-n
KZ = : 07280278-n, 06376154-n, 07007945-n

BRLELT, UTO I5@BRY hOFEELRD,

27



RA42EBFEROHZFIMA LR

el x
e2 NZ7=
e3 BEE, R

e4 FZ7=.,
eb 01803583-a. 01041481-a, 01507402~a, 09270894-n. 14514805-n.
07965973-n, 07290278-n, 06376154-n. 07007945-n

ZOFITIIEEBTAVESAOREN 8 @ADL, FTEEFEESTEHALLES
DOFEMEIZ15EE 3BV rotz, RMEIZRDILANMEIIV ., AFOERI— KL
HDEE, TOBEWVIELBIIKELLBIEAH,
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5. 1 EBRE=E

HELEEEBRLETEAVIFEOHREFS729HIC, Naive Bayes # VT,
SENSEVAL2 D H AFBEEH & X 7 THREE L SN 7B 50 BB ICx 4 2B &M 2 1To7, =
DF A7 IIFBFACH L TI00MOT AT —23H5, ML LI-Bhiix®R 511277,
CHhLDHEREBEROHENHOZ bab—%2EE L TRESNATEY ., EHUMNNE
GRLOPLRERLODETATIUVRALILIBEINA TS,

L LT, BB FE2<FIALRFIEL, 5 DML TOEE— FEFIAL
FRETHAROBEERI LT,

3 5. 1:Bh7A) 50 HFE

ataeru iu ukeru uttaeru umareru
egaku omou kau kakaru Kaku_v
kawaru kangaeru kiku kimaru Kimeru
kuru kuwaeru koeru shiru susumu
susumeru dasu chigau tsukau tsukuru
tsutaeru dekiru deru tou toru
nerau nokosu noru hairu hakaru
hanasu hiraku fukumu matsu matomeru
mamor u miseru mi tomeru miru mukaeru
motsu motomeru yomu yoru wakaru
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5. 2 ERWER

RBERIIR2D LD ICheoTc, BEI—FEAATHZ & CHRIORKEIXR LT3
2B, ZETOEEI— FEAALEFEOFREEFZRLTEAVIFELY bREESED
TEBDLNB, e, REITRT MEFEICHAL UL, FEFEELTZHVAIEEREOEFR
L2TOBBEFIALCFELY bRESE o7, BREMILAD L, 2BREZAVEFRN

HERBIRDEELD,
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®5.2IERFR

RHL EIECETE= mERL EXt FHEIEE
ataeru 116 0.67 0.63 0.67
iu 336 0.94 0.94 0.94
ukeru 357 0.50 0.61 0.60
uttaeru 70 0.85 0.83 0.82
umareru 65 0.64 0.66 0.67
egaku 70 0.63 0.65 0.63
omou 465 0.90 0.89 0.89
kau 87 0.83 0.84 0.85
kakaru 115 0.51 0.62 0.55
Kaku_v 135 0.68 0.68 0.67
kawaru 97 0.92 0.92 0.92
kangaeru 291 0.99 0.99 0.99
kiku 180 0.60 0.62 0.64
kimaru 117 0.96 0.96 0.96
kimeru 228 0.93 0.92 0.93
kuru 128 0.84 0.83 0.84
kuwaeru 109 0.89 0.90 0.89
koeru 119 0.77 0.79 0.78
shiru 246 0.97 0.97 0.97
susumu 112 0.46 0.46 0.44
susumeru 132 0.96 0.97 0.95
dasu 208 0.29 0.31 0.28
chigau 105 1.00 1.00 1.00
tsukau 270 0.97 0.96 0.97
tsukuru 183 0.59 0.63 0.61
tsutaeru 97 0.75 0.77 0.78
dekiru 75 0.81 0.81 0.81
deru 412 0.58 0.53 0.53
tou 71 0.68 0.63 0.65
toru 112 0.27 0.32 0.28
nerau 67 0.99 0.98 0.99
nokosu 98 0.79 0.79 0.79
noru 64 0.54 0.58 0.55
hairu 278 0.37 0.39 0.37
hakaru 84 0.92 0.92 0.92
hanasu 175 1.00 1.00 1.00
hiraku 224 0.80 0.90 0.81
fukumu 92 0.99 0.99 0.99
matsu 83 0.60 0.60 0.57
matomeru 93 0.80 0.81 0.80
mamoru 93 0.79 0.76 0.76
miseru 100 0.98 0.98 0.98
mi tomeru 212 0.89 0.89 0.89
miru 408 0.72 0.73 0.72
mukaeru 93 0.89 0.89 0.89
motsu 267 0.50 0.55 0.51
motomeru 306 0.87 0.86 0.87
yomu 106 0.88 0.88 0.88
yoru 474 0.97 0.97 0.97
wakaru 178 0.90 0.90 0.80

R3] 0.7714 0.7801 0.7734
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BFE 2EE — XEHE
ataeru 0.63 — 0.67
umareru 0.66 — 0.67
kau 0.84 — 0.8
kiku 0.62 — 0.64
kimeru 0.2 — 0.93
kuru 0.83 — 0.84
tsukau 0.6 — 0.97
tsutaeru 0.77 — 0.78
tou 0.63 — 0.65
nerau 0.8 — 0.99
motomeru 0.86 — 0.87
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3

LEZR— FOLEEETEZIY K,
import re
ipn = re.compile('jp")

f = open("./word-means.txt", "r")
lines = f.readlines()
f.close()

jp_words = []
for line in lines: .
if not jpn.findall(line):
jp_words.append( | ine)
f = open("./jp-words.txt", "w")
f.writelines(jp_words)
f.close()
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HEELEEa— FMLLEBERa— FETEIRY HY,
import re
jon = re.compile('jp')

f = open("./word-means.txt", "r")
lines = f.readlines()

f.close()

n = len(lines)

meanlist = []
for line in lines:

if jon.findall(line):

mean| ist.append(|ine)

meanlist = set(meanlist)
f = open("./means.txt", "w")
f.writelines(meanlist)
f.close()
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EEa—RFEELRTWAEERXY X MZT 3,
import re
jon = re.compile('jp')

f = open("./word-means.txt", "r")
lines = f.readlines()

f.close()

n = len(lines)

mean_words = {}
mean_words2= {}
i=0
while i < n:
w = lines[i]
i +=1
while i < n: #this condition is necessary, 1 makes condition i=n to work.
if jpn.findall(lines[i]):
if tines[i] not in mean_words:
mean_words[lines[i]] = w
mean_words2[ lines[i]]= w.rstrip("#n")

else:
mean_words[lines[i]] += w
mean_words2[ lines[i]]+= "Wt" + w.rstrip("#n")
i 4= 1
else:
break

f = open("./mean-words.txt", "w")
for k,v in mean_words.iteritems():
f.write(k)
fwrite(v)
f.close()
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f = open("./mean-words2.txt", "w")

for k, v in mean_words2.iteritems():

f.write(k)
f.write(v + "Wn")
f.close()
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AEOHFELZIY HT,

import os
import re

f = open("./jp—words.txt", "r")
words = f.readlines()
f.close()

wordnet_words = []
for word in words:
wordnet_words.append(word.rstrip())

os.chdir("./sentence")
os. listdir("./")
nouns = "";

for file in files:

f = open(file, "r")

files

lines = f.readlines()
f.close()

for line in lines:
nouns += line.rstrip("Wn")
nouns = nouns.split(" ")

nouns_in_wordnet = []
for word in nouns:
if word in wordnet_words:
nouns_in_wor dnet .append(word+"#n")

f = open("../nouns—in-wordnet.txt", "w")

f.writelines(nouns_in_wordnet)
f.close()
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BMES B YL NS,

f = open("./nouns-in-wordnet.txt", "r")
lines = f.readlines()
f.close()

words = []
for line in lines:
words.append{line.rstrip())

wordlist = set(words)

words_count = {}
for word in wordlist:
words_count [word] = words.count {word)

f = open("./words—count.txt", "w")

for k, v in words_count.iteritems():
f.owrite(k + "Wt" + str(v) + "Wn")

f.close()
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AAEE WordNet 22545 & ZFDEZEI— FERY HT,
import re

writtenform = re.compile( writtenForm")
synset = re.compile("synset")

f = open("./jpn_wn_Imf.xml", "r");
lines = f.readlines()

f.close()

len(lines)

n

i =0
wordlist = []
while i < n:
if writtenform.findall(lines[i]):
(w1,w2,w3,wd,w5) = lines[i].split('W'")
word| ist.append(w2+"#n")
elif synset.findall(lines[i]):
(w1,w2,w3,w4,w5) = lineslil.split('W'")
wordlist.append(w4+"Hn")
i+=1

f = open("./word-means.txt", "w")

f.writelines(wordlist)
f.close()
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EXo— FNEMNEREZES,

import re

jp = re.compile("jp")

f = open("./word-means.txt", "r")
lines = f.readlines()

f.close()

n = len(lines)

word_means = {}
i=0
while i <n:
= |ines[i].rstrip("Wn")
i += 1
while i < n:
if jo.findall(lines[i]):
if wnot in word_means:

word_means[w] = lines[i]
else:
word_means([w] += lines[i]
i += 1
else:
break

f = open("./words-count.txt", "r")
lines = f.readlines()
f.close()

word_count = {}

for line in lines:
kv = line.split("Wt")
k, v =kov([0], int(k_v[1])
word_count[k] = v
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for word in word_means. items():
if word[0O] not in word_count:
del word_means[word[0]]

word_mean_count = {}
mean_total_count = {}
for k, v in word_count.iteritems():
means = word_means[K]
means = means.rstrip("Wn").split("Wn")
n = len(means)
for i in range(n):
if means(i] not in mean_total_count:
mean_total_count[means[i]] = v
else:
mean_total_count[means[i]] += v
means[i] += "Wt"+str(v)+"Wn"
word_mean_count [k] = "".join(means)

f = open("./resultl.txt", "w")

for k, v in word_mean_count.iteritems():
f.write(k+"Wn")
f.write(v)

f.close()

f = open("./result2.txt", "w")

for k, v in mean_total_count.iteritems():
f.write(k+"Wt"+str(v)+"Wn")

f.close()

f = open("./mean-words2.txt", “r")
lines = f.readlines()
f.close()

mean_words = {}
n = len(lines)
i=0



while i < n:

mean_words(lines[i].rstrip("#n")] = lines[i+1]
i 4=2

f1 = open("./result3.txt", "w")

f2 = open("./resul t4.txt", "w")

f3 = open("./result5.txt", "w")
f4 = open("./result6.txt", "w")

for word in word_means:
means = word_means[word]
means = means.rstrip("Wn").split("#¥n")
n = len(means)
for i in range(n):
max = i
for j in range(i+1, n): # "j=i+1, for j in range(n):" is
wrong!
if mean_total_count[means[j]] >
mean_total_count [means[max]]:
max = j
if i 1= max:
means[i], means[max] = means[max], means[i]
f1.write(word + "Wn")
for i in range(n):
fi.write(means[i] + "Wt" + str(mean_total_count[means[i]]) +

"Wn")

f2.write(word + "Wn")

f2.write(means[0] + "Wt" + str(mean_total_count[means[0]]) + "Wn")

f3.write(word + "Wn")

f3.write(means[0] + "#Wn")

f4.write(word + "Wn")

f4.write(means[0] + "Wt" + mean_words[means[0]])

if n>1 and mean_total_count[means[1]] > mean_total_count[means[0]] *
0.4:

f2.write(means[1] + "Wt" + str(mean_total_count[means[1]]) +

"Wn")
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f3.write(means[1] + "Wn")
f4.write(means[1] + "Wt" + mean_words[means[1]])
ifn>2: #if a mean of word is greater than threshold, and it
also be remained.
i =2
threshold = mean_total_count [means[0]] * 0.7
while i < n and mean_total_count[means[i]] > threshold:
f2.write(means[i] + "Wt" +
str(mean_total_count[means[i]]) + "Wn")
f3.write(means[i] + "Wn")
f4.write(means[i] + "Wt" + mean_words[means[i]])
i +=1
f4.write("Wn")

f1.close()
f2.close()
f3.close()
f4.close()

46



