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Abstract: We propose a method to classify travel blog entries into one of six types of tourism using textual and image information
in each travel blog entry. Together with this information, we use Wikipedia entries,*{1 which were automatically linked from each
travel blog entry by an entity linking technology, because the useful information for classifying blog entries is often mentioned in
Wikipedia entries. We combine this information using a deep-learning-based method, and we conducted an experiment. From the
results using SCDV, we obtained precision, recall, and F-measure of 0.743, 0.217, and 0.336, respectively. Finally, we constructed
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a system that enables travellers to look for travel blog entries in a map in terms of the types of tourism.
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Just last week I spent nine days touring my aunt and cousin
around Paris and then we took a side trip to Normandy to visit a
very impressive UNESCO World Heritage Site site, Mont
Saint Michel...

https://www.travelblog.org/Europe/France/Lower-
Normandy/Mont-Saint-Michel/blog-490707.html £ ¥ 5| H
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The crossing between North and South Queensferry in central
Scotland is a unique tourist attraction and hosts some of
Britain’s busiest transport structures — The Forth Bridge, Forth
Road Bridge and Queensferry Crossing.

https://www.travelblog.org/Europe/United-Kingdom/blog-
1025495.html & ¥ 5|
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* https://cloud.google.com/natural-language/?hl=ja
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T5HZ L THEIETS. ®  DAN(txt, Word2Vec model): 7 % A NMI& £ 5 HEE
[t Fik] HE£EHITH L, Word2Vee DEFAMNBESILZAY K
AREBRTIE, UTIZRT 2 BEOREFIEL 6 DN JVAZZEHE L, DAN % VW CHr3E%1T 9. epoch 1% 10
—ATA VFRETEREITT-. B, AJIT—HIToW 95,
T, “Xxt"X T ¥ A MIEENDHFEESZ, “img”TEE ®  SVM(txt): 7 X A MIEEN D HFBEESITK L, Bag-
SYARBREOREREE L CHR LN HEEES %, “wiki(abst)” of-Words CA L7=_Y MLEATTETH. I—F)L
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* https://drive.google.com/file/d/0B7XkCwpISKDYNINUTTISS2 1 pQmM/edit?usp=sharing

T https://storage.googleapis.com/bert_models/2018 10 18/uncased L-24 H-1024 A-16.zip

1 http://xpo6.com/list-of-english-stop-words/

§ http://wikipedia2vec.s3.amazonaws.com/models/en/2018-04-20/enwiki 20180420 300d.pkl.bz2
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ICEENDHGBEEASICKIL, Word2Vee DET D5
Boni=s hICER L, DAN W THEE1T
5. epoch #1E 30 &9 %.

®  DAN(wiki(entity), wikipedia2vec): Wikipedia @V > 7 7>
LDITUT 4T 4 4% L, Wikipedia2Vec OE T /L
T T AT 4RI MVEERT L. ZOXT MrE
AJ3& L7 DAN TH¥%4T 9 . epoch 1% 10 & T 5.

42 RBRREER
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BICE D ERFEREFE 42 1TRT. 2LV, HETEY
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J1& L7z SVM Thc bV ME 0.273, 0.385 #4537=. £/, 7
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7o, 7Y =2y — U AATE RNV LB CT& 5. SCDV T
Mo THHE LEEEICOWT, T F 2 FROEBG AT R0
HIZ, ‘River’ 72 K BRZHAR I 5 HFEN W OFEL
TWAZEnbod. LiL, 7% A FTiE, ‘will’X‘hope’
LW EHENTFET DI END, EFEERBRL TN
EWNHEBBND. FDI-H, SCDV TIETE TV,
FEOWOEEBRT D Z E0B8DCDERE L BENH D & Bb
NOHEORDEICESEZBTSEDLZ LT, HRHBE
M EAEIRFTE S,

We will have travelled 2000 miles and transited numerous locks,
passed many tows pushing barges and dodged River debris.

We hope to spot a myriad species of birds and wildlife, ...

https://www.travelblog.org/North-America/blog-895066.html
QU1
41: BoTT Y=V —UXA|Z
SELTCLEosT7usxy U Of

# 4.3 K41 OEBIZHT S
Google Cloud Vision API O fEATHE 5> —

5L Aa7y
Mode of transport 0.88
Tree 0.86
Recreation 0.81
Plant 0.79
5. AIfR{t

4 BETHRIEAHERERE S L0, AT, i Eicv
V73528 T, AHEEITY. ThiCko T, EIER
B Z L OBDEERER b D L 52D EEZHND.
AL O FITLL T OEY Th 5.

(1) FIT7aers=r ) #INETS.

Q) fT7a s YnBTXA R EEGRERHTS.

(3) Google Cloud Vision API % A\ C, Ei{& DT 247\,
MR - CLEFROWEE LTS .

(4) Google Cloud Natural Language API Z H\ T, 7% & |k
7> 5 Wikification 17 9 .
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£ 4.2: BOLoERICE S T u s b O43¥ER F(micro 1)
Fik precision recall F-measure
SCDV (txt+img+wiki(abst), word2vec model) 0.743 0.217 0.336
RRFIE DAN(txt+img+wiki(abst), word2vec model) 0.729 0.191 0.302
DAN(txt+img+wiki(entity), word2vec model) 0.718 0.202 0.315
SCDV(txt+img, word2vec model) 0.729 0.227 0.347
DAN(txt+img, BERT model) 0.649 0.272 0.383
DAN(txt+img, word2vec model) 0.701 0.202 0.314
SCDV(txt, word2vec model) 0.639 0.170 0.268
DAN(txt, BERT model) 0.573 0.231 0.330
DAN(txt, word2vec model) 0.596 0.238 0.340
. SVM(txt) 0.656 0.273 0.385
N—=A T A Fik
fastText(txt) 0.461 0.129 0.202
SCDV(img, word2vec model) 0.725 0.140 0.235
DAN(img, BERT model) 0.661 0.228 0.339
DAN(img, word2vec model) 0.701 0.159 0.259
SVM(img) 0.783 0.165 0.273
DAN(wiki(abst), word2vec model) 0.539 0.020 0.038
DAN(wiki(entity), wikipedia2vec) 0.551 0.189 0.282

(5) Wikification T/ o7z 7 b, Wikipedia =27
47 4 DIEREER/TD.

6) HBohi=TFA & EGRMITHER, Wikipedia =7
4T 4 DIFBRN G, BICOBRIZE SN THIT = Y
= M EBESETS.

() HEBMEFBRCELNLE, BE - REZD LI,
Folium*% fl\\WCHIX Rz~ v B2 7 %1TH. Ik, #
BOBERI HALEE RO TE25E, Rl
TENEFRET .

AlENE, AL EIT I ICHTZ->TC, AFTHE LK 2,017
HoliT7a 7=y MY OFENE, fLEFHRAHME T
b D & HBRIZ Folium % AW CRL 4T > 7. AT THHE
Lzt 7u s>z U oaifboRE R %4 5.1 1TR-T.
ENFTROE U DEIZOWNWTIE, BER 4075, ~N—
RY—U XL, FRER 17 ) —2y—U XA, a8 T2
A=Y —=U XL, HEQB 17—y —0 XL, BE
NN T =DV —1 XN, RN TILF2T0 =
Rh) R LTND. 5.1 OAFULOFERE R THD &,
TP NEAET (N F—=DY—U XA 2RTBAEOE
UNRELFIET DI ENDND. £ T, ENLORITT
n/7 Ty NORNEERTHDE, ©I7Iy ReEOF4
RMUFEEICOWTRBENTND Z LR TE L. 4

* https://python-visualization.github.io/folium/
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|, #oliT7 s = b )OIV NEOD, 9
L 72 Bk O 37 7= 72k T D38 RLSLBCTERE DR 0 3R T&
5 ET, BUCHIBOE R IS EEZ BN D.
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S LQ”
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K5 LAFTHELER Va7 YO
AR Dk R
6. BHYIC

AKFFETIL, 77 el N7 A +EEE,
Wikification (2 & % Wikipedia DIE#&%EE L, EFEL: 6
FROBYCOERIZASET 2 FELRE L. BRIC
%} LCl%, Google Cloud Vision API % IV NC, i HIcE %
NoOWEERI L, 2 OREE SEOFMHICHWZ. £,
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Wikipedia D 1F# 2% L Ci%, Google Cloud Natural Language
API T Wikification 17>, U > 7 40 Wikipedia @ abstract
WCEENDHEERS Z EOFMEITAN Tz, EROMR,
BEFIEDIHO>OANNT—F 2HE L1z SCDV T, HiE
TIER—RA T A FIEOBEBMRITHEREZ AT L LT SVM
I20.040 RA > FHEDHLOD, HEFRLE FETIESVM LD
BWENG LN, L2AT, TF AN, HEEEFTREER,
Wikification (2 & 5 Wikipedia @ abstract DZ4LE LD AT
T — X OMAHEDEIZIER T 5 &, SCDV & DAN OZFNZ
NT, ANT—Z OMBEDEOKE T L RN U
SNTWDZ ENHERINTZZ s, CESHEICBIT?
BEDOANT —2&2BETDHZ LoEERREINTE. 4
BIx, T T VEREERWT, EEOSEBERE KA
FTAFEIZONTHRFTS.
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