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Structuring of Unstructured SNS Messages on Rail Services using Deep
Learning Techniques
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Abstract

This paper presents a structuring process of unstructured social network service (SNS) messages
on rail services. We crawl messages about rail services posted on SNS and extract keywords
indicating date and time, rail operating company, station name, direction, and rail service types from
each message. Among them, the rail service types are classified by machine learning according to
predefined rail service types, and the rest are extracted by regular expressions. Words are converted
into vector representations using Word2Vec and a conventional Convolutional Neural Network (CNN)
is used for training and classification. For performance measurement, our experimental results show a
comparison with a TF-IDF and Support Vector Machine (SVM) approach. This structured information
in the database and can be easily used for services for railway users.

» Keyword: Data Structuring, Deep neural network, Information of Rail services, Social network service,
Text mining
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Fig. 2. Number of rail services accident 2012-2016
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3 EE S AT Qi) SNSHlA 3 E "HAEE]
28 AHES FF 9 8] feirE, vdE 92EE A
H3slel HlolE & 7heste] B9 AHES —?%’EHO]E gho} &
oA e S EEFALe} A& EEARe] EE (Twitter)ol *1
TAA o R ZEE WAIA 9 AEE TEF(Crawling)ste], &
AN 7HA] FE(UA], A% 9713, 34, 9, W, I3 23
FE)I AR 7Y =E FEe] AYsehe H8E A
th N THA] 8 F A, dE 97|, 34, 9, W

vg] 259 AGE 5] FFssht, A 2 PIE 3 )
A A AR B selok st 719 Y ozt Jud
ol @7 Qlo} e o188 B HF M 489

A Rl Bo] AMEE 71l Term Frequency-
Inverse Document Frequency(TF—IDF)% thojo] Wim=g=9}
o7} of e —f’ﬂ"ﬂ ke Axketo] dole] £
S FEIH34]. F2H dojo 5L WHE =,
o] WE|E 7ix|aL Support Vector Machine(SVM)¥} -2 &
F1ES ARRsle] EAE RS U2 WHoeE D W
%[5]% FARIA Eofoll A om|A|e] EAS Fe o W

+ Convolutional Neural Network(CNN)[6]9]
e Yow £ 5L y_o]q_h .5 zho}
atol[7], ko] AIE 7IAFE 54 MFE ER7E AlEsSith
Word2Vec[8]7} Doc2Vec[9]& Agsto] BIAES WE gls}
3 CNNE Aed uwe Hlﬂfﬂ A3}, 77t 86.89%9
89.88%2°] Aerg KTt & =ollAE oA A
TF-IDF¢ Word2Vecs AHg-ato] H]u gt

B =T A AR, B AEoR AL B2 A
Fo M= dlole] Ay} AA 7z, vlolE] 53, tlolEl A A
4, 92E F23}

=
\_]_ETE

I Z il 9= AdWd(word
embedding) ¥4, B1AE E7FE 93 CNN A& 34
shar, BE2o] Zukio| e o]k Ao ulegl d& It

[I. The Proposed Scheme

1. Data Structuring Process

Tig. 32 o] w=ellA] AlSksl= wloly 43} a5 ol

Word Representation

e e
1| SNS message S— e ™ oS-
= SNS message Station Info. Keyword Extraction Fatals
3 SNS message Database atabase
4 SNS message — / J \T/
5 SNS message i ~ ~
6 SNS message Date ID K
7 SNS message CNN Train Info. List
8 SNS message Text o _ ) L )

’}\
Namu Wiki Corpus Word2Vec
related Train Service Words Vector Word2Vec+Rand

Fig. 3. Data Structuring Process
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Table 1. Types of rail service

Index Types of rail service Description

1 Normal Operation The train is running normally at the present time.

2 Train Delay Condition in which a train is unable to run at a fixed time for various reasons.

3 Operating Obstruction Condition in which a train is not operating normally due to mechanical defect or unknown cause.

4 Train Accident Condition in which a train is not operating normally due to natural and human disasters.

5 Extra Train Additional train operation notifications.
4 SNSe| g8 252 AIRF ¢o® AHAHo] SNS & ¥WHZ 4-X]3}sl= Word Representation el thsle] A
timeline& HRL, 2474e) T AR 0.2 muu Ekine?

‘?_. 1
fr WS @S AYaL QlofA], o] afr W
25H 28" 27k« SNS messageE
H SNS messageoll= o8] HZ AHE
Do} 28 & o] 7L ARE A& F otk 2T AH ¢

A, A24A4 D, - (Date, ID, Text)o.Z THE0]Z dlo|H &=

71EES Ao ® F&(Keyword Extraction)dh=d] A}
L4t} 719=E F5T o AYe o o)F, YFFoE FF

sl7] 9ate] 9 AH(Station Info.) DBE #F=x3dic} theo=w
CNNojli= i g2Enh gjeste] dap &3 A 719 =8 &
sl 7|4 ARRHE 98 BAEE Word2Vec o2t
012 ¥&6lE] Word2Vec o & FdatA] & 3 dolo] tha)A]
= 99 gez dgslith Word2Vee ¥8LS dxjdl] )3l 7]
AT} Eoi7F v 9171 o] Aol ‘%L% 2] dlo|HE AH-3
om Skip-gram©.® Fegith 1 § FEH v 9 EE
3} F3tete] daF AW 2 AE(Train Info. List)S A4 gl
g o 2 o] g|2Ex= to]EfH|o] A AW (Database)ell A%
.

2. Data Crawling

At ARE-gF dlolE= Tho]K(Python)®] ESE AE
g BF TweepyS AHESto] 59351, 7195 F5 AMS
4 AR ESQ AAER, 74 D, i H9AE A 7 E 7
A3IAh H 537120139 ~2017'3) EYE ol AXE wA|
A F Ak &3 et BEE 782709 HAIXE AEsle
™, ‘Table 1'#} o] A4-2-a(1), FAAA2), FNLA(3),
AR (4), A DAHE)S] T 7HA] {3 08 o] HofH
g FE3IS T

3. Word Embedding

A= dHd(Word Embedding) & #}lo] xJ2] o)A (Natural
Language Processing) W3l ©o]& A<=o] WEl2 w3}
WSS W3t}H4,8,9,10]. ZF Ty d&d dolge] 1
o tiste] Fad ujz} AAH e E] o8 ozl &
HEE o] RElgole} gt} o] &2 Qlate] ko] Aot
g g Hh o] HAelA] Ao RS gjate] A}
gh|E 5ol Aol WHE x3E 4 9tk o] v
< AA8H7] 918k 717l S<5(Machine Learning) Wi E©]
SEth & AT E 4, o3 APdE FEEkL 7 o3

2=
=
5]
s

> it oo ML i oy rlF

3.1 Vocabulary Dictionary Build
CNNOHH /\],_9_6’]— Eﬂ/\E‘: 0 /RV\/] Bﬂai x]p,].o],7] HOH
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259 EdHolE(Lookup Table)S AH&3IEH], o] &
glo] & qui T dolu dolo] aFS A WEHE
SalFrh dolu o] ag-S AR xds] 98k, &
ol A= SNS messaged] HAEES Je|4 E4S 53}

AA A7]9] GolER Wi, TRE WS AAT ¥

gow Qupgatel ol AHIS T

2 KoNLPy<] Twitter tags AH3I3aL, FAF &
ZEAMES To 2 FE380] & 1544709] Toj2
S on, AN O R Table 2'¢F #2013 A
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o]—7 |

Se===
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4 2712 Weh WY e 002 AL

Table 2. Words and Lookup Table

Distributed representation
sz LRI (128 dimens?on vector)
0 Pad {0.0, 0.0, 0.0 --- 0.0, 0.0}
1 Normally | {0.57, -0.25, 0.03 -+ 0.20, 0.24}
2 Running | {-0.04, -0.18, —-0.01 -~ 0.13, 0.37}
3 It's {-0.23, -0.44, -0.32 --- 0.27, —0.03}
1543 again {-0.40, -0.18, —-0.33 -~ 0.38, 0.44}

3.2 TF-IDF vs. Word2Vec
TF-IDF&= Aojd 4418 ARgsto] AAdstet), o4 vl &
olel RS} golh Solh 4 /1T Sske e

= 89, d= ¥4, DE B4 A9 o =4, 2, 3)E &
tf(t,d) = f(t,d) (1)
idf(t, D) = log(ﬁ) (2)

’ dED: tEd
tf —idf(t,d, D) = tf(t,d) < idf(t,D) (3
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Word2Vecs ARl =W, 22 onE 7H4W A=) 7H
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o] do] GAsH FHEH 7)o B el EipAort ®
St Word2Vec HIAZ=Z 8h5E7]o @ WX do|e7t
ATHE, CNNoj| 8l55] 7] 92 o] 58 shid A1 dols
28] g5s 3 Fo= dilele & o

A S EA) sk Word2Vec &7golA doj7t EAjshe=

ARl whet e 2 g 3@s=d], dojEol vE vE Aud
E}E =oAL fAel EAhs dolEL FAF TolEA
H xddths glofrh & AFelxs 2EA] HolHE g

71121004 AlFate MY vlojefolA Awel AAH 7|9=
7} Sol7t 2508712 HolX S EEEl, Word2Vec 8ol
A8t Word2Vec 85 W9l Continuous—Bag-Of-
Words(CBOW)®} Skip-gram F+ 74 W2o] =], CBOW
e dolo} FEHoR Avy 3 golE S5 W
& 8kFetal, Skip-grame §F @ojE TAOR o] dolol ¢
Aol =& oy wolE o Zs= wigkow sheEi) T.
Mikolov 5[8]°l4 Word2Vec —% Z7hskaL, ofu] el gle
A Skip-grame] 7]¥&2] 4174
WA 3} CBOW 2ol 1)) Eﬂ E2 = AdE
HolFr), 1YnE B oﬂ%oﬂxu Skip-gram W2]& AL
3te] Bhs3lelth. Word2Vec: 3458 o
o]5 st g do JrTOH ST T ES AEElY g
5 o dg dolo] W dols E A7A] Shiel AR

e A=y 0174% ﬂ;% o] Z(Window Size)2}
itk B Aol A UmS Alo]2E 302 HAste] dd &
oo} 2o tho] A M A}l Skl Word2Vec?)
ah5o] kW el AREH wolEo] 1 A7) Aple] W

PO
r° ml

ol

HedolA wole] e FH2 One-hot
encoding ®2]o] ARE-EUTh One-hot encoding ©13] A
9] & o] Jlentel A 5 7HAH, B she] @Rt

I's FaL, yA] 8458 05 7KL ‘1] 913 dofvt
o w2 7HA Hel, ME S]] o] 7kt o]
Ao A= gHEe] folshA|Rt o] WAL dolo] Tt &
7V e W o) 2. AL Sk, The ol g A
e A X o= AIE 7L giSiTh olE =53

= ~1 7
18l Distributed representation ¥2] o2 WEZE

p

A
o] AFHJATH10]. o] WAL 7]E9] One-hot encoding
XA e WEl ] sfrfe] QAdnt ghE 4] a1, BE 840
& ol ¥ xdo] A4t HES sigleh 18 o=
5 4 B 4 A9, o B woje] A

58 28T 7 A HAT 2 =EolA= CNNejA] AR

g el EAS T B gHom dgirh shis
Word2Vec, ThE sih o}3] A1 dol5e] MEE ~1'o] 4

N

‘TAtolo] A9 Fho 718ksk & CNN9 &5 ol 78218}
o] @sh= WY WA (Rand)olth. & AellA o3 A
SNS messages 7|¥te.2 F&319]13 Word2Vec &30l A}
&3 A vlolH= W Y715 ARESIST] Wl 03] A}
9] 154471¢) o] 5 49712 @7} Word2Vecdl| &5l
AREEA] koket, whEbA], B ATl A= 1494709] Word2Vec
dojel  4871¢] Rand ©olE  E¥3te]  Distributed
representation W] © & ‘Table 2’9} o] 128219 14 =
712 YeRdth UmA g e g e ® gl

Lm
1~N'

4. Convolutional Neural Network

Convolution layer+ Convolution filterg< AH8-3le], ©
2E dojg Fo F83 dolE9] JIH S A3lete s
sho}, B =Fol| A A28k CNN Parameter #H5< ‘Table 3
7} 2.

Table 3. CNN Parameters

Parameter F|l|ter il Dropout L2_norm
size number
Value 2,3,4 50,60 0.5 0.1

‘Fig. 4'= Convolution layerol| 4 3 &3 Filter size 2
A&7 o Alelrt. Convolution
layer?] Convolution filteri= ¥ro]e] #E9} 28 23y 7719
HEIE 7FA 3L 931, 27 e AP R /s, 58
ool g i AR wol e WEo R dHe gEs
74213k}, Filter size 29] ZHE 3 7| AEA171 v £95
L ko] AMgE & do] f - (Fﬂter size - DI 2k &9 3
A=, F o] & - (Filter size -
) X Filter number?] 22+ WlEg A= vepd 4= it o}
0 2 Pooling®] 7]¥2<] W] 0 2+ Mean pooling®} Max
poohngol ded, gukdor Fo EAS 98 FATE
Max pooling®] ds°] B £& A7t vyt wpebr, & =
oA & Max poolingg AFE3}Y] ‘Fig. 4’¢] Pooling layer?]
A} o] A3 9] #E F 7P 2 TS Erk CNNej
= eW9¥(Overfitting) & #A87] 93+ Dropout ¥}
Euclidean norm(L2_norm)& Z}7} 0.5¢F 0.12 A73hd,
Pooling layerolxl &¥€¥ Ax 75 F 50%% Fully
Connected(FC) layer?] 948 oz AMgH1 8% 5 FC
layer®] 7} ghgol iEA s Hrh 13‘01]*%
Filter sizeE sh}gt d&gov 2 Pooling Z7+= Filter
size number X Filter number’} &¥¥dd. 15 50%%]
Filter number * 0.5712] #ko] FC layerell &= ¢] ‘“Table 1’
3} o] T 7] 3 og BEeld AMedrt

9] Convolution filterE

< Filter numberYH



Structuring of Unstructured SNS Messages

on Rail Services using Deep Learning Techniques

23

1 2 7
T
Word 1 _1b
o v
Word 2 \\\\ 2|
Word 3 N |
XT3
Word 4 TN
Word 5 \\‘\\ \\ :
Word 6 59|
Word 7 p
60 l
Word 8 -

[ e ]
Sentence
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[Fully Connectecg [ Classification A

~
[ Pooling layer ) layer Result

Fig. 4. An Example of CNN for sentence classification

Table 4. Epoch when the highest accuracy is obtained in each iteration

T n
Word Filter | Filter . 5 es;Cou ! J =
Representation size number
P Epoch Acc Epoch Acc Epoch Acc Epoch Acc Epoch Acc
5 50 135 82 149 82 116 84 107 84 287 84
60 155 85 118 80 256 82 150 82 105 85
Rand 3 50 276 82 623 82 222 85 85 82 901 84
60 128 82 437 87 501 84 569 85 487 83
4 50 885 83 478 82 107 84 795 82 198 84
60 518 84 277 83 630 83 212 85 521 84
5 50 989 86 862 85 481 86 705 89 644 84
60 678 86 485 89 352 85 492 87 273 86
50 494 87 439 88 812 87 615 85 496 89
2 +
Word2Vec+Rand 8 60 774 88 674 89 361 88 964 89 199 86
4 50 181 87 884 87 811 87 961 87 876 87
60 135 87 352 88 95 89 679 86 443 87
[Il. Experimental results Convolution filter®] ko] © A W33} B ~E A3} g
3= Rand W4)o] 87%, Word2Vec+Rand7} 89%% 713 =
Q

1. Rail Service Status Classification
CNN9] 852 1000 Epoch &9t 84913, 1 Epoch B 19
stepO. & Hojglon 1 step 64 batch size?] S5 tlo]E
£ 7Kt 8]3 Learning rate 0.0012 AAs}Sth
‘Table 3'¢] L2 _norm Regularizations ARE-8}H
et dAT go R FHEA kAl Wsts
T A= stepritl CNN2J

32

5
=
B A8eT MY w5 WE
shATh d<yo] #ubd CNN 2dg x7|3lste] thA] &
gotolon o] 24 5W WHESSIT) ‘Table 4= 2t 8
B8e7t 7P =& AlAe]l 9 Epoch QIAE YERT
Word2Vec+Rand+= & @] 154470 ¥ 1494701E Word2Vec
O= 48711& Rand= Fste] AR W2 ot} 8k Fol CNN
9] FC layer 7}*E2 L2_norm Regularizations &3} A
&How m27 zolbxlal, W& Word2Vec+Rand9] 7%
Convolution filter2] #t¢], Rand9] 7% Convolution filter<]
@t wof HE ] gl HOT F %
219] zfo| 7} WA= o]+ Word2Vec?] oS A

Ao grol7] wiEolw, wo] Wy iAo

oy

e f
oy o o 2 =2

of
oy

ol

234 ANE BEg

14

Al Yebgt ofgle] ‘Table 5= Dropout¥} L2_norme Al
aHA] ekoks o] A ks Aelgh st 7 e BF AR
34 9% AfY Hu HIgEE 497 WA AU
‘Table 4, 59 BI~EdA A8¥ CPUE intel® Core™
i5-3570 3.40GHz 43oo|H, g W9 HAEZ 3l=d =

82l AlFho] Atk

Table 5. Accuracy without Dropout and L2_norm
(Word2Vec+Rand+CNN, Filter size 3, Filter number 60)

Test Count
Parameter
1 2 3 4 5
without Dropout 87 85 84 84 87
without L2_norm 84 86 86 84 85
without
Dropout+L2_norm 83 84 85 84 83

2. Accuracy Evaluation
‘Table 6’2 Word2Vec¥} TF-IDF2] SNS message Ex}e-3)
FE T SRS Bt A g f1ste], TF-IDFe}
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Table 6. Comparison of classification accuracy

Word Representation Model Parameter Accuracy(%)
SVM/SVC Kernel=linear, C=1.0 79
TF-IDF BNB Alpha=1.0 73
LR C=10.0 80
SVM/SVC Kernel=linear, C=8.0 77
Word2Vec BNB Alpha=0.1 57
LR C=7000.0 80
Rand CNN Filter size=3, Filter number=60 87
Word2Vec+Rand CNN Filter size=3, Filter number=60 89

Table 8. Examples of information list

Date and Time Organization Train Line Station Direction Type of rail service
okud
201709131408 Korea Railroad I o - a2
201707161147 Korea Railroad =AM - - ZHOl kY
. E
201708040954 Korea Railroad 54 ok - A Y
201708040954 Seoul Metro 4 AbES aM EERS N
201701261935 Seoul Metro 1~4 - - QUA| Xt

Word2Vec dutd o & o] ALEE = SVM, Bernoulli Naive  F&H 9 ARE 7|Htoz 24 3Ale} g} 34 ARE F
Bayes(BNB), MNB, Logistic Regression(LR)& AFg-3te] 57 74992 ‘“Table 72 do[E|ro]2oll A ¢Jofsit), ¢jo] & A
at3ieh. 91714 TF-IDFi= 3hve] SNS messages & A= = 9 3JAF FHE SNS message®] 1d FE9} ¢ H& &
AAste] kP oM, Word2Vec FAKE FH[13]004] g g2~ @ 3AE dohdlsdl 2%om, dat 4 AR SN
Edf| 58l tol WMEE] Htghs Toto] 1544700 AFO0E message®] BAECA AtAs AMESl] FEE 84 AR
et dEe) veu|e S ks Aiahd SVM] Kemel> 9 34 9} 348 dohlflsd] AREH AL A AR E%
ofe WA o= dHlolg MEES kAl tigh gty el ESlo] AdE AR, Gak &3 el CNNellA &
linear® 278 #o] A3 A4 AAE Folerh Cke o= ® Gk 23 e RE 7|9 =R FEIGIT oo s il%
S vy MEo] b ZHx] AAE o4 5 =S ARRI Table 89 A4 &3 FH 2|2E7F A=, A5
&gated 2SF= wol 383t} BNB, MNB9] Alpha k& 2Ex= vlo[HHo] 2 Aol A%¢Ht). ‘Table 89 4at &
Aol Sh5EA] 2 dlolEEe] sdsitete 974 ¢hs BAs] ) AR gaEs 7 dab &9 139 2l A9E shy Al
T ol &5 AA GFS vtk LRY| Cik& SVMe] &2 H2 Zolrh SNS message?] Hl2Eod e #e ga]
Co} 22 312 7t sloly slehvlE 9] gk 10000014 001 7heHeh SaAevhs Yehie 24$-% Bol F7159 4rrt
Aol 2 71 2 A3t Yo s AAEt s v §lE APl Wzke g F9th Direction 73F HHS ¥
T 28 BT LR2 B/FS Wl 80%= 7P A SAHEA. dsta g BSUF FF JSTE Train line, Station,
Word2Vec+Rand+ CNN3} Rand+ CNN F Hhale] A= Direction A 719 3&o] Hizto]d, RE Gzl sjds= 7
‘Table 4'¢] 5¥1¢] 54 & 7P =& ¢h BARIQIE A9Ao® 9o} SNS message?] o7t ARE T84 9 74
Word2Vec+ Rand+ CNNe] TF-IDF+LR, Word2Vec+LRell H]  $-o|t}, ¢JA] D2} 289 4 Hx 99 S04 Sl Zo]
M= 9%, Rand+ CNNel| HaiM = 2%7) =2 89%= A 7] wliel, A2 F71 ARV} IAY, BE A5 3,

wn

o

3. Rail Service Information List Table 7. Station information in the Database
7]%‘: ‘Zl‘g’o“ EE 574] L ﬁgo ]E]l'»o—i ‘ir— %E]' Organization Train Line Station
3]’7(]1]]' 04?01]*1~ H]O]Eiﬂ‘ U}Z] OL 93]9] —?‘ 7—]{ 93]9] Seoul Metro 1 Me
WES7} Fo), AT S Bale] 719EES FEaT) AT Seoul Metro 2 ze
He %xw AeE ot Bgol Aol st 2498 4 Korea Railroad ! del
3.
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[V. Conclusions

A= SNSE Eato] =g v E doldE Fat 3
AR Y2ER JYslepgith. dAlet 9 & =

& 79EEe AiAs Eet
Extraction) ¥ & ato] A A= At
A= SNS message”} SNSell AZFE, Eat &3
FElli= SNS message?] HAEE TF-IDFS} Word2Vecs AF
83t dolE WER 133k SVMY} CNN 522 E731]
719 g 2813t} 1 5 Word2Vec® Rand WH41S Ak
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