Takehide HIROSE?

SIG-FIN-028

BREZEZRAW7F I MLER—FathE
REHL—T7T > JFH
Analyst Reports Analysis And Investment Decision Rating
Prediction Using Machine Learning

AREE D NEE 2 U 58
FEEF S Ml 565 BOK ERES PR K

Seiichi OZAWA!2 Kazuo WATANABE3

Masaaki I[TZUKA3

Shogo SUSUKT!
Yoshihiro IKEDA?

VAR R RERE Tmfoest
I Graduate School of Engineering, Kobe University
PR B TR AR R —
2 Center for Mathematical and Data Sciences, Kobe University
S=HERK DS 7ty bvaI XY MRt
3 Sumitomo Mitsui DS Asset Management Company, Limited

Abstract:
decisions by referring to the results of research on candidate companies for investment compiled

Fund managers at investment trust management companies make investment policy

by analysts. However, when there are many candidate companies, it is necessary to refer to a
considerable number of reports, which is considered difficult to read carefully. Therefore, technology
is required to (1) accurately determine the business sentiment of the companies concerned and (2)
extract important information for investment decisions from the contents of the reports. In this
study, we developed a machine learning model that predicts the rating, which is a rating index for
investment decisions, in order to support the work of fund managers, especially for the requirement
(1). There are two types of ratings that affect investment decisions: outperform and underperform.
Since the number of cases that fall into these two categories is small compared to other ratings,
we attempted to expand the data of documents that give the same rating. As an existing data
expansion method, there is a method to expand data by synonyms that can be obtained from
WordNet. In this study, we propose a method to expand data based on the frequency of occurrence
in financial documents. As a result of experiments, we verified the effectiveness of the proposed
data expansion method.

Daisuke NISHIDA?3

1 ELC®IC

REGIERICEBIT 2, RERBILOMAELTE DS
R, WEHKE WoZEHX, 77V Fer—T v —
LN B HEFREHLE LTINS, 77 F=
2= v —X, HARDFICBIT 2 EMRDOHHREER
EHBEIVERHERET 5. ZOEMEO—ANIET
FUR eI, REREMEEOMHL DI,
B ZE L TEONEREZ 7 F YA PLAR—-F
WEEHENT 2. 770 Fex—Yv—1%, 7+

RS T TR B - F— AP A Ty ARy R —

T 657-8501 FHF X /SHGH] 1-1
E-mail: ozawasei@kobe-u.ac.jp

164

A P LR= MR ZOMDOHHERICE SN TR ERE
BIT5M, 7FVAPLR— PRI CERIZ
%2, £, BEL oI L TEHMICER S NS
7%, 2TONEE NFCHRIFICIERES 2 2 21X R
THb. 22T, 7F VALK MHEMEE % #H
M3 2T, REUBNCEAREREZHHL, XA
HCIAHIP R B TE 2 AIRRIC T 2 HEffiskd o 3.

7F VA MLUR= MW E R L, $EHE
FARICEIT 2 WIRIIBRCTEE T % [1)2][3]. MRS [4]
DO TIX, TN DRE IS, 7F VYR b
D FRARIERZ HHE T 2B TR 2D 23
FKHE HEINERS L, ZRUZESVWT 7+ Y 2 A



WS DB AHETH 2 Z e R L. ZLT, M
H 72 FRARLSIS N U TR TR 523 R]
RETHDZ xRl IMEDFEICEBT 2FrD
hREOMH T, AFITPEOTFrrYEHR (5
M52, 1E25) Ev)) 28EL, 2hoDRE
L HIHHT 2FEI2DRE AT 2. BE)
R LEFEPrORALEL 27T Y A MO TR
Wz L (RO74 7 - 2474 7) BPfE5Eh
5. ZOFETE, FALOREEZEGIHLTO
BN 5 21T S T2, FRLHRFAEE TR VER
RXERD IETAREMEDS D 2. £/, H—0Ht
L CHMHEN TN S 728, LE— NNOEBRDZ
[ L OB 2 Z B L 7 R EN I Thi TR,
KT, BEDOL—NMIZ KXo TIDT 4 L&Y
VI ERTOZERL, 7FUVRMLR—-TIATHAL
THOOLNABAICHE S X, LR— M5 Xl
HETHT 5. BARIICIE, 7F VA PLE-F 1HED
XEZANTE L, BREEErHTZEhZhOBRD
NEZFRHHNRZ PAREHL, LR- M5k
V=74 Y% FHT2ETNAEREST S, 7TV R
P27 7Y R3r =Y v —DFEEHTAEAICHEHE DOV
G 2 HAAL Z 2 T, FERIMCE T L OHER
Wz rts 28, ZoRMlo HsiRiE ks &
HiZ, V=T YRRBERBEIA T RVWEEDOEH
BFTEIERE LTIRRT 2 Z e AJEL 2 b, &%&E
WZtRICBIFohseEZXS. Fo, ¥ET—XES
L—7 4 YOHBEEEDRYIICESE, L—T4>7
FTHIMRENDOEEEERL, T -2l Tr—
YRR AT 5.

2 ’EVATLA

AW T, BEAGLEASthcEESINZT7FY
ZAMLAE=FZHWT, 7FVURFLKR—-FDXEF
o, HEEEZHCTHREEDRWEE TS
LYATLERET S.

MR L -REYEETVE, 7FIVAPLR—-LFT
AL THVWSh B AR SN X EE N2
TRBEBL, L—T7 4 7% FHIT 2205 %
3. %, AT X337 FURARLR=- I
F—XEREEM T 5 2T, FHMREEONEERZNS.

2.1 REHEL—FTo 2IFRAETIL

7F VRN LUER=DOXEFHRDL SMNREBFHEDL —
T4k THT AHREFEETVOMELZIRET 5
WHizh, RfgeTlE, 7F VA ML ER—- bDOXEDH
BucEEH L. 7F VA FLAR—-FITIE, 75V R
P77V RYFA =Yy —DHBELTEHT WL O

165

SIG-FIN-028

DB RICHE W T, NREED BB CE
TreibhEN 5. BEEOHIRNE, LER—DIERER
VERRIEEAIC X o TR 223, LITD 6 DI kBlEh 3.

o IREHIE : DEDL —TF 4 VT RELIRIEL

o FIRBIM | EIL DI T 5 HFELE DEA,
SHOHERITN T 2 R

N aT—2 3 PRAINE SR ORAMEE (R
2 OREREICE T 2 HHEP AR

BmRIAARV X+ AHGOLH O 52
M ZER.

o IRIAY b 1 AHMGEE P EE M ORI
o VRV IERTEHEL KET L PRI EHRA.

TFURAFLR-FTIE, TOA5DEHAICEINT
TN REDIRNZRERNCEHE L, DB
BREFTREDLEIDOHMDB L —T 4 ¥ 720D HEIE
LLTEEINS. RIBRS R T LB 2 HEEEE
ETFUE, LR— MHOBBEHIOXEOERERS
FNCRHE L, v —7 4 ¥ 7% T3 2EZ A L.
MBS AT LZBI2HREFXEET LV (MAT HER
ETV) OEEERHIAZITS. #RERETLOER
MR, W MO ORI % FH AREZ Long
Short-Term Memory[5] (BiLSTM) % Transformer|[6]
Drrya—REHThHs. AhelLT, 7FIUR+L
R— FNOEHIC, XHDBEER Word2vec|7] DH
AR PAVTHEERZDORMHAL, HE7 Y
A PLUR=-bPMIEGENLL—T 4 VI THS.
REETNVOFHE 7 —%2K 11IRT. ¥, Bil-
STM (X 1 H1® Sentence-BiLSTM) 2 & D, LR—F
DEXHOHBHGEO RO E B I NI2XRT b AD
FHE XN, KiZ, Transformer T a—& (K 1HD
Transformer-Encoders) 12X b, {XFE+0EGZRMEZ
BRLIEINT MDEHEEINS. ZL T, BILSTM
(X 1 F1® Document-BiLSTM) 12 & b, FEABNCX
N7 PLVOIERD, BROXERT MVITEHAAF
N3, mRIC, FBEROLENY MUVEEBS R, B
BRIty = BBETL—T 1 YO THRIELI S
N5,

2.2 BMXEICNT ST —XILEDER

BEBEHEPEICHLTEL—T 1 Y2270 5X1 3
SRR, HTLHEETIIRW. Bl TO (77 Foe
T+—0)] R U (FVE=—NRT7x—1)] L30T
L—T 4 Y%, ZDHROTEEMHER X BB
BXh, =a— oAk —74 2 (IN-) ® IN+))



SIG-FIN-028

LOO

00 |

i

L&

I

4,

I

d, ]

Eﬁﬂﬁiii
t

1

ES L)
i

ii UARY
t

| Document-BilsTM [ |

Document-BiLSTM | I

Document-BiLSTM |

[ | | 1 .. T f T
ERED-EGD EDED- [ss:e?: ) EDED-ED
| | | 1 T | | |
| Transformer Encoders |
T i 1 T ,

[ S11 ][ 512 ] [ S1N/6 ] [ S21 ][ szz ] l S2.N/6 ] [ S6,1 ][ S6,2 ] [ S6,N/6 ]
i i i i i i i
= = = = = = = = =
) [a) =a) e e ) =) ) @

g $ g $ 3 $ g g g
c c [ f c c c c c
gl ¢ g gl |2 3 gl | 2
o f ot c c c c c c c
& & & & A & 8 & ]

sl s2 sN/6 sl | s2 sN/6 sl s2 sN/6
[ wn JA{ wn | e B B [ wn L wn JAl wn ] [ wn

L EEFE WL —T 1 v 2HEETL

WCHANHEABENDEEEIIREL RS, toT, *
DFAAN DL E HIWr 2 (2 T HEEI R ER D R W EIZ
i, DL —7 4 35X RE W
SHIEDH 2. £72, ZEOBED, EIHITLE LW
fli ERRRL TEREZRTEWVWIRNBEZIC W, &
NEDEEICED, TO) % TUI DV —7 4 ¥ 7Hfd
5xn37F VA PLR—FOHEIE TN-J 2 N+
PRGNV R— oI HERDE e D, R
ETNDFEIHEEE KT,

C OMER RIS 272012, T — RIS LTTF—
2GR L TIRRET A 2EE L. HHT 27—
RIERFEE, TF AP TFT =R 2FOT -4
PRRTIL [8) ZIBH Uz, BEFEWSETIE, FliT — &
DETH L, ROWHEN S T > X LI—D DU %
BEIRLFITT 5.

-

1.Ham%%@R)i¢@xry77—Ffmm$
REE T VR LI n EER. EIRL-HEEES

&Akﬁﬁtﬂa EDIHLD 1 DICEEHZ 5.
2. IV X LREA (RD): LRDR by 77— RTHRW

166

7V R LI HEEDRZRIELEIRL, ZOFZKE

XHDZ X LBMABIHAT S, Zh%x nlbE
175.

3. FVYELAT w7 (RS): XHD 2 HEER T V&R
LITEY, ZOMEXANEZS. Tz nH
175.

4. 7 X LHIER (RD): XHOBHGEZTER p TS
YR LCHIFRT 5.

72720, niX, XOHEHI vEEDEE allk>T
n=o ERETH. Tz, lEEplEp=a EFRET

%. ¥z, AT — & OIERENE ng,y BIE L, BEHF
DR T — &2 Z N ZIUTH LT ngyy EOHIRIR T — X A3
JFohs. FFEFEE, WordNet[9] & FHIXN 2 BEREEE
M HFEIRE NS, WordNet 21X, SEHEFEDERCH
BBD TN — TR E N RNHT — R R—RATH 3.
RUFZE T, ZOBHFEHEZ7F VA FLE—- NI
T 5. T —22357F )R bLKR— b
DAL, EOWENRS 5 > & LI12—D DL
ZEIRLFETT 2. ZOMEERL R — M ngy, HIHE



£1. 87F VXML E— O

L—T4 7 R
O (FI b RTH—21) 476
N+ (X DRI T 4 7) 2105
N- (AL X bR HT47) 1538
U (7B =T x+—21) 43
DIRLATS 28 THlT — X DILREITS . K%

Rk, HAZERD WordNet Z{#H 5 5.

3 REHRTE
3.1 ZRICFEALET—4

AFE TR L7z 7 — &1, 1998 55 2016 FD
7FVURMLAR—=F2154THTHZ. ZDOT7F VYR
LAR=1tD5%5, 10, IN+J, N-J, TU] oWFhh
DL—=T 4 VITPMMFTEENT7F VA LR—= M2
AL %7, @R XA TWAREIEDEIIHR LT,
21 HITHALZ EOBAICOWTOXETH 300 H
BRI ATRE R 7 F U R P LR — P BT O R
L7

INSDENEMTTFIVAILKR—-FELT,
a2 EBE LN, Fiz, ZhPhL—7 4 ¥ 72
LFLLR—-bOHEER 1LITRLZ.

32 L—Ta0YIFAETIDOERERRTE

RREETNOEHIBVT, ANTF—2 T3
Word2vec OFER{ZEEIX, 7F VA FLKR— MUK,
TIS MKt R T 27 =%+t v b CoARiJ (Cor-
pus of Annual Reports in Japan)'2» 5Ef5 L 7= 2014
25 2018 0D 5 F7) DA fMlAETHE & 2 LT
172072, BAGENRZ FLORITHUE 300 Kotk L7z,
Word2vec DFEEIZIZ gensim? E RN 4 —T > Y —
A4 TIVERMHLE. ¥z, WEZRFENERE LT
MeCab3Z i L, MeCab O&ZE & LT, Neologism
dictionary (NEologd)*# f#f L 7=.

EHIT, 1 XD OmRKDOHEERZ 20 HiEke L,
1 ODBROXEFORRKDOLDOE % 15 Xk L.

Zofth, IBRETNVORIMBERIZEIT 2 AHIO
RILE R 2R L. FEREDON Yy FH A X3 64 &
L, ZERIZ10* 2 L. 2, &#EL7LTY) X4
LT Adam 2R L. HEFEEET VO,

Lhttps://github.com/chakki-works/CoARiJ
2https://radimrehurek.com/gensim/models/word2vec.html
Shttps://taku910.github.io/mecab/
4https://github.com/neologd/mecab-ipadic-neologd

167

SIG-FIN-028

£ 2 BEETTNVOHRER KA S1OXTT
TV DORRER KT
EFALDANT (
Sentence-BiLSTM( A 77)8 (
Sentence-BiLSTM (Hi/7) (
ETNVERD IO (
Transformer-Encoders( A J7)1° (
Transformer-Encoders(H{/7) (
Document-BiLSTM (A 7)1 (15,600
(
(
(
(
(

Document-BiLSTM (Hi/7)
ETAREOHI2
HiEROM ) - RESEO AN
ERERE O
ETNLVOHS (V7 bewy 7 R)13

F =TV =254 759D TensorFlow ZXfE L L
72 API T» 2% Keras’ 2 L7z. %7z, Transformer
X, DX TV B FEEEFEAD Transfomer® D> a—
RETDAEAFERH L7z,

gy LT, BRI CEOR BT 5 fE (K
1 ® "Document-BiLSTM ) &, X Z L ITHFENRY b
DRI 1T 5 HEit (K 1 D ['Sentence-BiLSTM ) Z
NI UTEHlliZ TS5 72912, UTo 2 EHD L —
T4 YT TPHETVEMEEL, HREFHEiZ TR 5 7.

BRI SR ORI 24T 5 S 2 5 3 2 LR
EFAE LT, RIIRTHEZROWEFEHET L
(tbdgET V1) ZREE L. BERE LT, R20
Document-BiLSTM Tid7 <, L R— FHADEX DN
7 W VEAIIE UXENY PVICEHT % BILSTM (%
3 @ TAll-Document-BiLSTM ) &EA L 7-.

BT, XITLITHFENRY MLVOREEL 21T 5 M
EERFHMES ALEE T L LT, R4ITRITHEZ R
OEBEFEET N (ETN2) ZHELL. £HEA
¥ LT, #£2® Sentence-BiLSTM Tl <, LK—F
NOELDRT ML AT 8 USCENY bV
% BiLSTM (£ 4 @ TAll-Words-BiLSTM ) %A L

Shttps://www.tensorflow.org/guide/keras?hl=ja

Shttps://github.com/CyberZHG /keras-transformer

TEXTECBVT 6137 F Y X b L K- M THHEINAS 6 DD
BAITHISL, 15 3EBAICERI N DO, 20 3B DHGE
B, 300 \FHFERT ML ORITEITHIET 5.

8 TEFILDAS) BT Z, EXOHFERT MUICHY T 25
e (XX (20,300)) LT, —XFD 600 KILDOXZ b
FEH L 1& N3 (Sentence-BiLSTM(Hi47)).

9 TSentence-BiLSTMJ 12 & T 90(= 6 X 15) XDXZ FLp3
Hitxhs.

10 Mransformer-Encoders) 12 & D, L F— b D& FEL DGR
HrEEBLEXONRZ FAREHEINS.

NEBH OGS 5 15 DX~ 2 b L% A S (Document-
BILSTM (A1) L, Zfieh% 600 XKITHONZ b LTH
H (Document-BiLSTM (H71)) 3 5.

Ry R—bCEAZINS 6 DOBROXEDONRY FADFHEIN
3.

Biopr—74 vyZowThhrrdHEHIhs.



# 3 WRET N 1 (BRBOXXEORHAEIRZ{Th
WETIL) OREEESE L B AR DRIT
7L ORISR UL
EFLDAS (
Sentence-BiLSTM (A J7) (
Sentence-BiLSTM (Hi/7) (
ETARKOHN (
Transformer-Encoders( A J7) (90,600
(
(
(
(
(

Transformer-Encoders(H{77)
All-Document-BiLSTM (A77)
All-Document-BiLSTM (H47)

2REEOM N
ETLOMN (Y7 bwv 7 R)

£ 4 HBETNL 3 (XOREELRZITDIRVET L)

DR ER E ZE Aot
EFNDOERER

ETILDAS] (

All-Words-BiLSTM (A 77) (

All-Words-BiLSTM (i 77) (

Sentence-Average({i /1) (

Transformer-Encoders( A JJ) (

Transformer-Encoders(H}/7) (

Document-BiLSTM (A /) (

(

(

(

(

(1,

It
6,15,20,300)
1800,300)
1800,600)
90,600)
90,600)
90,600)
15,600)
1,600)
6,600)
1,3600)
1,300)

4)

Document-BiLSTM (H/7)
EFLEEROHN
EAEROM )] - 2EEED AT
e ey =) iyl
EFTNLOHES (V7 h~vw I R)

Jz2. ZLT, EXOHFENRT MBS R0 E
%, TAll-Words-BiLSTM | DFEALE D H 1%
L, X7 PUHPEIRINIEEZEAL .
PEREFTAMIE 5-fold DR FAMGEETITY, FHMfEREE L
T macro-F1 2a7Z{fH L /-.

3.3 T—ARILROREERRTE

[FZEEFICH W 5 HARGED WordNet & L Tld,
NLTK IZ & h ZE2#EX /- WordNet 4 Z2#HHL, 7—&
JEIRD ST X — IR ORI E L. B
TRINIC, a & pld0.1 2L, neldd L. 5L,
T — X DILREELT D 2 noug 132, 4, 6, 8 LELE
B CHIRERZ (T2 o 72

IR XN T — 2 2 HWT, L—T7 41 Y27 Fill
ETAERFE L. V=T 4 Y TFHET VOGS

Mhttps:/ /www.nltk.org/howto/wordnet.html

168

SIG-FIN-028

£5: L—T4 Y7 FRNCEBIT S FHEDLEE

e XS0 macro-F1
BEETIL 0413 £ 0.064
e 01 0.375 + 0.035

e 2 0.510 £ 0.035*

R, 320K 2 L EBORELFRHA L.
TERERHAMi I 5-fold DRFAMEETITYY, FHEifERE L L
T macro-F1 227 Z{HH L 7-.

4 VeBEETAE
4.1 L =7« 2 JFHETILOMEETTHE

S2HTHHALIERREICHEH I L—T 14 VI T
HET L OHBFEROFERER 51T, BEET L
Wk, HIETF L 1I12HART macro-F1 2a 7B EH L
TW3H, HIET L 2 LT 2 W HEEE R L
7. 2L, I A4 X5 D Welch D t BEIC &
2y, MEETNLEHET L1 EOIKTIX, FH
EIC R WATREEDR B WER e o 2. £/, 1R
ETFINLEHEBET L2 L DK TIX, AREKHES %T
B ER D DiER o, oz ehs, R
EFNMICBWT, BEEZRP-o7-500, BAHIC
XEDNZ MVEFHETZ 7 —F 7 7 F vy DBEMEE
R T Z e TEEZ. X, BEET BV,
L—7 4 Y PN ERIEWRD, Bl XERY
MLERET 2 Z 20K DRI SFEH SN Z R
HizeEZ6h3. LaL, BEETNCBITS, X
T CATHEER Y B B AIAT BILSTM OF R
WBRT e TERPo. ZORKE LT, EREE
FUZBWT, —XDHDATHIENY FILORHHUE
Pz T o 77212, R+ o HFER O EHRILA A
RBLTLE-/ZnEZLNS.

REETNVOMRELZ I DWE TSI, XTLICH
FENRT MVEEFLYARY MUVEETET 200 (K10
sentence-BiLSTM) DHIZ, HETFED XS KL KR—
NN O BB TR 2175 W (R4 0 TAl-
Words-BiLSTM ) %, B0 X EAN T DORHAZE
Faze AT 5 W2 BB EIZ D TIFIR W B LT
W3,

4.2 T —2YL5RE AR O M RESTE

3.3 THA L - E i HE O %, BIFEZICH L
Jo 7 — ZALR TR DM EER 2 1T o /2. 7 — XILR
HHRFE, REAROII T —22HVWTFEE Lz,
XDHEBROERLZE6CIRT. £/, K7 —FD



£ 6: 7 — XYLIRIKF & AR O LLisE R
e EDTR macro-F1

— ZYERH D 0.564 £ 0.031*

— ZYEER72 L 0.413 + 0.064

>
5

R TRYEREEE L/ 2D HEHER

HFTE (ngug =)  macro-F1
2 0.548 £ 0.039
4 0.564 £ 0.031
6 0.565 £ 0.049
8 0.547 £+ 0.040

7= X DYIREI ngyg AL E B2 & E D HERERRORS
BELRTIRT.

%6 ORI S, IBRET 27— XIBRFIEEZHEA T
5Z212&oT, L—7 4 Y7 FTH®D macro-F1 2
7015 8E L, HEKE 1 % TEIEICEND Z 1
ERER Y o 7=,

ik, 7T-2IREEHT A2k oT, 7FY
A ML A—FOFEERL—T 4 VI EEZRWVEEIC
AT — RBDEZ F-Z e BRRZ e EZ 505,
2R, VEEFR) 2 EEAR 5o 8, [
FB 2 XV RVWETYH, —RT2 e M-EROHEE
LSRN DAL D B, L L, ZhniX, &R
FEHIZBWTIE, 2L Al0GEEPHERE LTHRZ 60,
BEDOLEXDOERPIRKELELEDSTLES. ARHE
BRCi, —RNRHEENERIN TV IMEHETH
% WordNet 2 L7272, L TZIF/-HEHE =
bdZrlidw. Zhutkh, 7FVRXAMLEAR—-1LOD
FER L — T 4 VT EE Z IOV T — X IRR D
Haxtlzz T, FRItEDSREINZEEZONS.

BT, RT7TED, T—ROIRBEEE L2 X,
Naug D34 X0 6 ITRRE L7 E i b HREDTE L, nauy
D38 DIEHEE ngug DHE &K D B macro-F1 23 7 HMK
TE2#ER o7 UL, F—RIERE LT
LT, BTV XN BIIT -2 0B LR
WL, EFLVOIHERED LIS S o727z
DEEEILNSD.

5 #Em

FIRMX T, 772 Fvr— v —DEBLIZICH
JC, BRBEHERAICEREINA TS 7F Y R
LR—MDOXEDNS, YLPHEORNEE IEMIHE
TEYRATLAERRELE., BRI, 77V XL
K- FOXEBORBRGEICHE S S, REBLADOELZ
e IcR7 MUEL, L—F 1 Y 7 FRIEITOH

169

SIG-FIN-028

BEEETVEMEL:. $/, FHEMEHALET—
RERL—T 4 Y ORBSHEDRD 2MET 5729
12, AT — 2 LT — YRR e A L.

KBTI, BELEL—T4 VI FHlETLVE T —
RYLER DRI 21T o 72, IRB L 72T €7
NOMPEBEFHlEERICBWT, LR— FANDOLX % [
WCRHAR T 2 EICEE L ET L & DHIERERRT
i, IBEFEN LD E VWV macro-F1 2a7%/RL7=. /-
7L, VR— MO I IZRHEE 1T 5 MG B
L7z Tk oz B Wi, HRTFER LD S
W macro-F1 2a7 %2R, EE T M —EckE
DREMBD 2 Z 0oz,

BRIOSCECNT 2 7 — LR Z EH U 7 iR T
X, 7 — RYLIRAE AR & D LEEBSEER & Foi A SRIRE
DERZATV, HEIRT 2 [FAFKEE L O HEE L OBLUE
DB EERZ 1T o7z, 7 — XPLRAFEF I & O g
KT, 77— XIREEPERIZE WV macro-F1 22
7xERL, T —XIRED 4 £7213 6 ThReEHEEZ R
L7.

EEERID, L—T7 4 VI FHlO=DDHEEEY
ETNE T = RILRFHEITBVTE, BEETAMCE
8RN X E ORI AT 21T 5 MG O B2 R
TN TER., ¥, FICT—XIEZEAT S 2
ik, 7F—RIEERRBEARIC AR E S REZ K
EBTDLIERTES.

SR, B T L ORGSR T — RILERD J51E
WEBEEPMZ, L—T4 Y 7OFHBRED X 572 57
EEHET e BIL, AEOITTLADEHNTH 2, H
TERRBL D AT D 7= 8 D K75 7715 D b 78 M OAEE %2
10, BEHRNICBITTWEZVEZEZ TV S.

BE 3k

(1] PZpc SEARE L, WHE 2. EEYE 2 Vv Tl
MAGEENETF VR PLR— MR &—2 b
OREHEN:. 8 200 ALHEEFS SRIEHRFMIE
SEHL 2018.

B R=, WEHIEZ, EAHEERER, and EHEZ IR
HiZRA, SFIE L. 7 F U R P LER— b B¥EES
DRRIENT (). B 228 ATHEFS €8
BIRFERASER, 2019.

mELeRE st NEER —, EEEE S5, BRORIERE, 150 —5,
and AEFEKR. 7FVRXAMLR—PZBITSF—
v — FEE S O & |IUBHERBIHIAOICH. 8
24 B AITHgEFER SRBRFMEIER, 2020.

[4] /NRRILE, s S , RHBZRAT, and PO L. 7
DZAFLR=I2SDTF VR TARRHUEROH

[3]



e tE 5. 8 190 ATHIgRS SRiFRY
MESEH, 2017.

Sepp Hochreiter and Jirgen Schmidhuber.
Long short-term memory. Neural computation,
9(8):1735-1780, 1997.

Ashish Vaswani, Noam Shazeer, Niki Parmar,
Jakob Uszkoreit, Llion Jones, Aidan N Gomez,
Lukasz Kaiser, and Illia Polosukhin. Attention
is all you need. Advances in neural information
processing systems, 30, 2017.

Tomas Mikolov, Ilya Sutskever, Kai Chen, Greg S
Corrado, and Jeff Dean. Distributed representa-
tions of words and phrases and their composition-
ality. In Advances in neural information process-
ing systems, pages 3111-3119, 2013.

Jason Wei and Kai Zou. Eda: Easy data aug-
mentation techniques for boosting performance
on text classification tasks. arXiv preprint
arXw:1901.11196, 2019.

George A Miller. Wordnet: a lexical database for
english. Communications of the ACM, 38(11):39—
41, 1995.

170

SIG-FIN-028





