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Abstract

The document-term frequency matrix is a term extracted from documents in which the group information
exists in text mining. In this study, we generated the document-term frequency matrix for document classifi-
cation according to research field. We applied the traditional term weighting function term frequency-inverse
document frequency (TF-IDF) to the generated document-term frequency matrix. In addition, we applied
term frequency-inverse gravity moment (TF-IGM). We also generated a document-keyword weighted matrix
by extracting keywords to improve the document classification accuracy. Based on the keywords matrix
extracted, we classify documents using a deep neural network. In order to find the optimal model in the
deep neural network, the accuracy of document classification was verified by changing the number of hidden
layers and hidden nodes. Consequently, the model with eight hidden layers showed the highest accuracy and
all TF-IGM document classification accuracy (according to parameter changes) were higher than TF-IDF. In
addition, the deep neural network was confirmed to have better accuracy than the support vector machine.
Therefore, we propose a method to apply TF-IGM and a deep neural network in the document classification.
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WelolE Ath7h EelshEA SNS, A1, oW 23} 28 WAY dolEel ol AsFrA 0w S5l
EIAE uho]d(text mining)o] €8 o gl thgFai A th BIAE mpod Ao A 7e
A A 7es A8 83t ARE dv VIHMeR, I F A 7= Aol A BokY 8
st 99 F Fholth. BA EFE % £4-80] WI=3E (document-term frequency matrix)< 1
AR} 2R BAEY 8018 FET AR FAV YoR, o7t d& o]FoA o T
TA M ol W ZE et AT £41-8o] HI= g oA £49 ol Wk gute s
I F85EE 47 otk kA &o] 7FE A (term weighting) & A-8-8te] A G059 SR8 &
g Az 2 A ofF ghrt.
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olggt HAE utold AHZ AX FA-§o] RMEFLAN FA EFE AT duEers WA
Jung F (2019)9] dAFolAel Ze] JHAEY AZA -3 71 v A = (multidimensional
scaling)# F3 A (cluster analysis), #HHE 4] (discriminant analysis) §°] SIth 2|3 WAl
3 (machine learning)& BA2E, 34, o|v|A] 59 o7 ARE ERAU T4 o5 9 4 &7,
A% 5 D SEe ASHLY, UAE BRe| 888 4 9t oAgd Yozt kA2 o
% ¢318]E (k-nearest neighbors algorithm), }o]H wo]= EF(naive Bayes classifier), 2% Eg]
}<5 (decision tree learning), A E WE] WAl (support vector machine; SVM) 5] 9t} (Lee 5,
2018) Jeong 5 (2019)9] AP A= EA-go] v Ho] SVML H83le] £o] 715X 340 A
T2 vaskley. =3 H 2 e dolEEe] g5oE 9Hd ¢uEEd A4S A% % (deep neural
network; DNN), 443 417 % (convolution network), <=3+ Al 4 W (recurrent neural network) 5 T
ot el B RSl SAET Aol A el, AREH, 24U 59 Fopol 485 o] Beke
AA5E S 9tk (Joo, 2018). & AFM = FA EFlAM =2 A5 Holv] 7P Eel o1&
SR e YRAF B S SVMSE A2 AR Ve YeI YRAE 3 Y DNNE A
830 BA HRE ANHL, o|Be] A5e HUHEE vlasnA Bk

et B AFoAE g9 7152 & =E term frequency-inverse document frequency (TF-IDF)<}
term frequency-inverse gravity moment (TF-IGM)S, 8|3 A 7 <3ueEez SVMI
DNN& A83fef o 58 JRE ol 24l 2UE Fe Ao HAOI oI2 1A 2400
L BA-Bo] MEAHN FREE SN B0l AEA R BA-IAol AFALLS AN B
& At SR A WA Ao TR B AeAEE AT 50l 7154
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X1
X
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A-gol NEPYo] §ol 715X B42 A g3l %01011 FLEES Yo D87} gk,
H-gol MEBDAA FA9} Solo) BAZ AP A3 the A (22)9 2ol AAF AFA B

=
< (local weight function) 2} 9% 7154 ??J'-’F(global weight function)® &3}l T}

wryij = (i, 5) X 9(4), (2.2)
A7 W = (wiryig) v ©A-80] 7B EE 2771 n x pd £4-80 R=dd AR &of 7=
2 s AL Lolty. 1,(4,5)& iHA EAINA ?%& A Zofoll tig A 97 7] e]al

g(j) = A v A tigt AGH 7H5A o]t

2.2.1. Term frequency-inverse document frequency (TF-IDF) TF-IDF= &3 &
olo] Uit Fox 2 goj7} £33t 3 (term frequency)o] HlESIL I {07} I BE FAY

“*(document frequency)oll W@ gt gt (Lee$t Bae, 2002). 2.178X 4% F4-8°f
RE W] TF-IDFE 483507 9% 42 4 (2.3)0] Felstan.

Ir(i,5) = T(ryigs  9(j) = log <m> ) (2.3)

AZNA @y T 1B EA NN FET jHA Golo] WAARER TFeh dZEth nd AA 249 +

o], DF(n,j)& n/le] &A1 F jHA &7t 2349 A9 7/H4E Tk 4] (2.3)00A4 =22 39

TR DF(n, )7k 04 A-F n7he] 2AA jHA) &oi7t & H= 5%

3 00] H7] W&ol weyi g 022 AxE 54 o7t BE A FFshs 8 &of(d
Eo], B, o, At T2 Ik HAF &)Y 7%—&%1% t57] A5 AR nAe] EAel gt

A Bol7F 2 249 9] Hl& DF(n,j)/noll g5 A2 ok o J5E FHsA =4 A
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2.2.2. Term frequency-inverse gravity moment (TF-IGM) Chen 5 (2016)2 7|A] 7te
AR oz Aol A FEES AFEA e £0] 71EX TF-IGMS A75kch 2.1 8004 A3t
TA1-8o] Rz do] TF-IGM2 #8371 93 A& A (2.4)°] Aelsith

da);
> 1 (drj X Rrj)

AN 2y e (WA BANA 2ES j0A Folel WANEER 221004 AW TR SUshe
g(H)oA A =2A ﬁ]?—(ad‘]us‘cable coefficient) 2 5.00014 9.09] Ate]e] kg 7HATH B AFoA=
Jeong 5 (2019)8] BA B% AFwolA 1 £ ABE B 708 AFEIAAT. dy= A Bol
7} Aoz 3 Wolgts Edst riA] Ao 28H EA9 Foln F EA & d1j7d2ja-- de ]D}
Rt % BASE) €918 Julsin] 28 g2 AL AL B7 AT A8 F A 5
B]X]"{v: ]"_ d(l)j > d(g)j > - > d(G)j Jﬂ:“ﬂ@' ‘/l\‘ 9\}\ d( )j‘\:‘ ]‘fﬂyﬁ %oiﬂ' 3"_613]-% 7HZﬂ ?S’oﬂ 7]’73]'
wol] £33t A9 =& ‘“Lﬁir)r.

2.2.183} 2.2.28 0| A AF 3 TF-IDF2} TF-IGMS Table 2.1} Zo] A&t 4= 911, 2.189 EA-&
o] Wiz 3 Hof Table 2.12] [Scheme M1]3} [Scheme M2] & 2 -&3}o] BA-§0] 7538 W13 W&
2738kt
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Table 2.1. Document-term weighted matrix generation scheme M1 and M2

Local weight function Global weight function Term weighting scheme Weighted matrix
log ($) [Scheme M1] TF-IDF W,
T ()i DF(n,j)
T4AX gt [Scheme M2] TF-IGM W

S (drj X Rrj)

TFIDF TFIGM
S 4
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&\ g 5 g
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Figure 2.1. The process of finding an elbow point.
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274804 AEE EA-80] 7HSlE We BE JHAIgE 8015 238t Q7] wiEol Ao 7} v
¢ 23109 gho] W& Foltty. webA TF-IDFg TF-IGMREC 2 3i4o]7t Fadtia B7] oy
o w3 A9le] 471 2 A9 B4 3ol o] wolAn 48 Ake] Aol 4 ek,

o]#3 AL 2837 93] Cho 5 (2015)0] 2713 FEX] 27 (elbow point)<
£ 9019 (flering)shol F42) A $oIT £AAVE THAZIE PUE AT Dk o

< BEA A 7IELR sto] FEPStE WollA ZF o059 Hv AT E A & AT
FAMA Bashs AU N1EeE W47t B A9 BolF Wilolz AAGH: Aojrk. SAT BE
2 ARE NG ATAS] FRAQ Feo] whet Aol FEATH Webd Jung S (2019)014
Satopaa 5 (2011)2] Kneedle algorithm2 &-&3to] ez HIZ AL &1 oS Tux] APog
St 4ol 44 e A58 2

dx%-rs]-a%tﬂ WA BA-Lo] 71=38 WolA ZF &o] I 71=AS
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Table 3.1. Classification of the nineteen government-funded research institutes

Research fields Research institutes
Economic policy (C1) N BARAATY, AG AT, SR AT
ANEAAAATY, IR AT, A TANL, GBI
Resources-Infrastructure (C2) Btz
Public policy (C3) AR, 5UA7Y, GBI, FH BRI
FoAAATLE, BRRA/ITY, FRLEIAAANY, BT,
Human resources (C4) S R AAS] AT Y, = 4R AATY, FHAGTHNLY, gL

dg 87

Ao BET 4 vk BEA AWL NFEor B AEALT B2 49 8ol ¢7)
At olE Bo FY W2RH BA-3400] AFHE Y = (yoou) = 1,...,¢5 &

22780041 Q13 Table 2.19] BA-o] 7158 W19k Wool S0} BHY WL 488 2A-34
o A3RLL Y1 Yor Bejatch

3.1. 93 K=

£ Q79 ARE Jung § (010)914°) A7 ARE AAATE BA-ARAS A7 4% JRE
APl A 20169 F WA A7 MBE F GAE 0] BAASW (AR ARE AFIHE 4
FEABVATA, %E°¥%,ﬂﬂﬂﬁﬂ %%,@%%é%ﬂ@%%,;%@ﬂﬂ%%,iww@ﬂ%
8 KDL SAA7AL AN & 107 77198 Eadgos Agssion TR
T4 FslolAel AT FIE(2008)S a}a_i A Ropel Aol uek AARH, AY Axe}, 3

FRBA, QAP e g FFsto] Table 3.10 A8l vl 7t ]E
o z+ 01?'714'-4 Ao duHA 277 H A=A 2.38004 A=
e B3t FaAstaz ok

2 AToIAE 3ol 4l (Python) 2218 o|§3je] 7 7| BE) H/1UAEES PDF HUEE 18
& (crawling) 8t TXT & A7Fsto] &85k, stoldel 7Hg Bo] ARgH & o] 2ol A
2] 771X KoNLPy(Korean NLP in Python)& AF3}9it}. KoNLPy+: 3$hibs(Hannanum), HH
uH(Kkma), Komoran, Mecab, Twittere} 242 57 Fe|l4& EA7]|E A Y3t Jth o]F 201039
WEold mwnh Yrha RIS Holar] oRo] @ WA Bl Foa B2 FeA o
(Jung, 2017), 1998-2007d AH A4 A (214 7] A AL )elA +5H ML EeAE 7IHe = 3}
= AZ9 g4 BA7)olt} (Lee 5, 2010). wahi] & OHOML TIul Feja BA7)E AREEHS
TE XA o]l FEjL FAF T Uuk WAL T HANRS FEIIeH, o] HAoA n]5Fo], &
G2 goj2y], 47 9 7S 55 AASUT HFHSE Table 3.29] 7|33 tix F7|YE FA
34309 FAIA 22T B0l 26,915/ FAH BA-Fo] ML 40| AEHTE

Bid 7|B5S C1-C42 o5}
EA-3 o] 712 Hol A& A1F

3.2. AE AMELUZ 0|83 2M 227
A& AAYL2 JZE 3 (input layer) T &3 (output layer) Alolo] oJ#] 7|2 &Y% (hidden layer)&
2 o]FojF 9F Al @ (artificial neural network) ©]t} (Schmidhuber, 2015). 3] 24Y&52 O
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Table 3.2. PDF files and terms of periodical publication by institute

Bo-Hui Lee, Su-Jin Lee, Yong-Seok Choi

Korea institute

Periodical publication

Number of files

Number of terms

1 H7|=ZAA+d busipg ek 12 8,840
2 o] AA A A AT AL B 23 4,252
3 A ALY ZgHa = 12 3,354
4 ForgAALA Sotd Y 4 3,485
5 AR FARZAATA zgu g 11 3,397
6 LA+ KINUSY 4 5,208
7 k=7l - A5 12 1,073
8 B w7 kg NS ZY 12 6,645
9 Skt w34 9 7} A 4 6,661
10 SR EATY ANnE 12 10,805
11 e EdTY e 12 8,712
12 =R AAE A7 Y RARAZ 132 9,899
13 St ol g A AT A A 2R/ 4 4,664
14 ElER R P ) HRD 6 7,039
15 T dR AN AT SxAad 39 6,262
16 B8] ok AL k) HFHY AT 5 4,879
17 S g A PAHZAA 6 8,425
18 S AP A ALY PAR AL 3 7,430
19 2B A A ALY 7342 30 6,790
Total 343 117,820
Number of terms after delete duplication and stopwords 26,915
o x=E7 Aol 9o, 7zt =52 B3} T4 (activation function)E E3] 2L WH
dt} (Cho 5, 2018).
AuH o A5 AFAIN B4 F4E AL sigmoid FHE HEHATL ojAE QojAS=
7]1€7] 44 (gradient vanishing) &, 7] &7|7} 022 "'35}@1 Al 7vro] S5 2] ok wAI7F DA
2~ 0

4+ gtk

T 022 Astal, 0BTt 2 32
2| okot B7MA] EAT e FLE A (3.1)F 2o &

webA] softmax T TH9 4

softmax S AML3MH §,9 7 A4

ghol 03} 128k o] %04l §
s 297k 12 YrAEe B

olFd FAHL sty A% v Fe S93} T
€ It = o]-gs}o] 0131 +45= AAH

.y in)T7 1 = 17
(3.3)3} o] Heol=r).
f(@i) = =o ?

& gij0) SN W

Z§:1 eV’
F71 2 &8 goz mddr}. 9
F+ 71 9-3F A F Y (one-hot encoding) 3 A

09l Welz AEAL 5 Ack.

% RelU =

&3 4> 9tk

2 softmax

0RTH AS mje nE

FaAHE 00]

(3.1)

42 Agah A

S E jel Y= u, Jeon (2018)0] 2

I=

2%E 29
2ok %
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3.4)% softmax FolA) A|Z37h AAGke] Aol S H4845}7] 918 ]84 (cost function) 2 Th
EFEA A AHEEE 22k AdEZ T (cross entropy) 0]t} i #HEX] WME, j= F5A] HEQ H4
T, yoe F505 o0 B5X 0, 3o o0 2 Ueeka 32w, 4 349 4 (3.5)9 2
o] AojHt}. o wAt JAERY e A (3.6)7 2ol Ho AL

[E o)y

yi= Wi, yie), i=1,...,n; j=1,...,c (3.4)
Vi= @i, 0ie)’, i=1,...,m; j=1,...,c (3.5)
Cross entropy (yij, §ij) Z Z Yyij log(ij)] (3.6)

z=1j=1

4% AABeIA dEBelA 2UF, eueld B3] 4L +Ask(forward propagation)
Q). < AT B AZES QoINOH A Z g} AL Abole] @A 5k A (gradient
descent)S ©|&3l 7SS HUlClESAA RS HAZ AlAofs=H|, olH3 AL A I
S}(back propagation)zt Sttt &, A AAWL aF dAIE T3 A Foka, 4 (3.7)°
o A5 AE drle= sk T2 B3] 2a4gke] 00 AR ek

w(t+1)=w(t) — a%, (3.7)

AN w(t)e tDAdA L] AT 7FeA 0L, w(t + 1) HHlolE o] 7 Aot A%k 6=
1/2(y —y)’2 BAFHL = 1,....9) = 285, y = (y1,...,yo) & AAGeIH, 24gke] A4
JEEE Y3 dE8F TR AAsBIHA MRS £ "t (Choi, 2017). ot S5
g(learmng rate) 2 MIAAFE duht Juilo]ETA] Hoirt. 918} 2ol AF AA3G2 £ATelA o
Az}, ARzt A THeA ol E Al LA13ke] 00l 7R Al Sl RS
»V@‘r/\]ﬁ AT 7P PR SRS
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Table 3.3. Model accuracy according to the number of hidden layers and hidden nodes

Model The number of hidden layers and hidden nodes Accuracy
M1 (TF-IDF) M2 (TF-IGM)
1 86-43-21-10 0.793 0.810
2 172-86-43-21-10 0.801 0.801
3 343-172-86-43-21-10 0.750 0.818
4 686-343-172-86-43-21-10 0.818 0.827
5 1372-686-343-172-86-43-21-10 0.827 0.853

TF-IDF = term frequency-inverse document frequency; TF-IGM = term frequency-inverse gravity mo-

ment.

Figure 3.1. Deep neural network structure of Model 5.

2 Aol B7 299 45S BU187] 19 ARE 7Y Bl o83+ A (accuracy) & ol
sgon, o)t thee 4 (3.8)% A4 4 )
TP + TN

TP + TN + FP + FN’

714 true positive (TP)i= £5 2Wo] o8] ol 58 W7o} A7 W2 Ao 2578 Wwoln

false positive (FP)& A4 W37k ARAH Fo2 &3 799 W=, false negative (FN)& 4

HE7E Zoly] ARog =3 A2 Hx, Ao 2 true negative (TN)2 AA] HFE7} opd HE

= AFsA 79 NEelth Table 332 &9%3} SYxe wsle] wfeh Wy M1 M29] 29 3

TS e Holth 1 A% 2UF T w29l 7 A% B B 5olA MIzh M29] 3w} of

83%} 85% 2 7V £ veht BAE 7P 2 2R @ Aoz B 5 gk

Figure 3.1 Table 33014 A2w=rt 7b¢ E30d 29 5ol tiek 45 A4% 2otk 483l
E 1,37270 1A 2k
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=
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Table 3.4. SVM and DNN classification results for M1 (TF-IDF)

Research fields SVM DNN
Economic policy (C1) 0.940 1.000
Resources - Infrastructure (C2) 0.822 0.853
Public policy (C3) 0.862 0.991
Human resources (C4) 0.947 0.896

SVM = support vector machine; DNN = deep neural network; TF-IDF = term frequency-inverse document

frequency.

Table 3.5. SVM and DNN classification results for M2 (TF-IGM)

Research fields SVM DNN
Economic policy (C1) 0.950 0.974
Resources - Infrastructure (C2) 0.892 0.862
Public policy (C3) 0.836 0.974
Human resources (C4) 0.945 0.913
SVM = support vector machine; DNN = deep neural network; TF-IGM = term frequency-inverse gravity
moment.
A Zan) Pxolth. £95L Table 3.10] w2} ] 74 AR Bokz b AAAA(CL), A=
2H(C2), BEAA(C3), ARAHY (C4) S =t
T4 AF ARE 083 Jung T (2019)8] AFE= ZHA vlolEl (proximity data)E S FA1EY
£ 2% AL uEo® K- Jﬂﬁ T34 (k-means cluster analysis)2 A5} —Er AMES A3
A7l Ao|t}. Jung 5 ( 019),] K-37 ZAEAT B d3o A& AA% 12d 50 JIE E vyt

A} K-3g 2REA N oF 68%, A5 AFTNE & 85%2] A} E HYS E}Js}giu}.
Table 3.49} Table 3.5%= M13} M2o] T3] AZE ®E Halz B 7o md 50 3l A= Al 7ol
N Mo st BA B/ £4 Adeltt. 1 A3} Table 3.49] QARG Table 3.59] A4-4-9l=z2}
E AT BE AN A AlF L] BA E7 AL o 228 el el EXE R
o3t BA-go] e FA4 EFE 3= dl oM AxE WE HAlKT A% Ao o A5t
A=)

o

Py ole} Ak

t

4. 22
o Aol ML BAM 223 SAL B BA BRE dusdh 280 SPSS FEe
W AR FARIoksta Al g FEH A ¢S A-role AL AY ARsforstnE §50]
(Jeon, 2018). webM & AFoIME o3 BHg Wosly] S8 As AFTo R AFE L

°l
Fa ol BAE BF S 1S BEE Sho] AASIT

N oE ol N

tlo X m 2 o rfy
e
_Q,

s

v 4 dlolElel BEAoA 2E2E HAES HIEE Al S nigrez Y dojed BA-8o] N3
g5 Adstar, MAIES AEIF EXeHe A41-80] RIEd oA &9 7154 &4 TF-IDF$} TF-
IGME #g3to] EA o thet $ojo Fo=E Wit =3t 71547 288 F4-80 =ayd
o BA BEF AE= g A3 4ol &3] HF EA B FES AT ol#s AFS
AR ZA-Ado] T H2 43R e | HY V1Y 5 s A5 AAEE &85t A
Eo] Ztzte] A Bof Aol &A EFE A gkt

AE ALY 2953 2T e £ M1}t M2 Wy Z42ke) JE= g 4kEsigict. 1 23
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