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Abstract

Target-level sentiment classification task is to get the sentiment tendency of a specific
evaluation target in a sentence. There are often multiple targets in a comment sentence,
and the sentiments of multiple targets may be consistent or inconsistent. However, in
the existing evaluation datasets for target-level sentiment classification: 1) most of
them are one sentence with one target; 2) in a few sentences with multiple targets, the
sentiment distribution of multiple target is very unbanlance, and the situation where
the sentiments of multiple targets are consistent has a great advantage. The defect of
the dataset itself limits the improvement space of the model for sentiment classification
for multiple targets. In response to the above problems, this paper constructs a Chinese
dataset for multi-target sentiment classification, manually annotated 6339 targets, a
total of 2071 items. The data set: 1) the distribution of the number of evaluation
targets is balanced; 2) the distribution of positive and negative sentiments is balanced;
3) the distribution of multi-target sentimental tendency is balanced. Subsequently,
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this article uses multiple mainstream models of target-level sentiment classification to
conduct experiments and comparative analysis on this dataset. Experimental results
show that the existing mainstream models are still unable to well classify the targets
in instances where there are multiple targets and the target’s sentiment is inconsistent,
especially when the target’s sentiment is neutral. The task of multi-target sentiment
classification is difficult and challenging.

Keywords: Target-level Sentiment Classification , Chinese Dataset , Multi-target
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FEAT RRLE « FE TR S5 R R 45 T [ ) & J R, R R ERE K E IR AL SR B - X L
WMAFIFR AT EEEEFEENGELE, LULED 7347 & P2 7w VRS BB H
FUEFETR &, AT RSB B R R SE, RCIE R T A B SR IE S A H AT Y B TS R
PRIz — o J7 R ANERESHT (Aspect-Level Sentiment Analysis) & —FhAHRLE I1F
WHESS, U SUAREF S — S0« SRR sUE MBI - BFRIERE 2K (Aspect
Term Polarity) 7& 77 HRANEESTHIZOTFESZ—, HEZ2ST BT BESR (Aspect
Term) MIIHREMIA, XA B AR —ER o 808 & LR ENME, BiZ B4 H ELE
FFN - e (WED o “REANTSIL, FBEETE, NEAE . " XaiEH i BrnEg <k
HY L CBEPATANER, RIE LTI CONT A - T JCORNER nT DU E A A TR 1B R ] 4 )
R IERAIER - 24§07 R PE RS R R EEZE TIREME ML, K imE 5
77 A7 7 A 1] A T B8 43 2K 4 (Dong et al., 2014; Vo and Zhang, 2015) - T {EEAFHEE W 4% A
HELAEFI T HEPIEEEE] TR E R ZREBE, @ (Tang et al., 2015; Ruder et al., 2016)%&
ANHIBFS « BRILZ AN, B FIHLHI(Cho et al., 2014)H 5 & # FH RELS HHE RS &N XHIE
&, (Wang et al., 2016a; Ma et al., 2017; Peng et al., 2017; &%, SEE, SHEW,; K
R, 2019) &A1 H J7 85 A7) F# 178 B DB R EIF I #ROR - Bk, Wl T E T
EEBABERT (Devlin et al., 2018)#J7 T 1F B> KT (Song et al., 2019; A E; XIfEIT,
2019) -

Db &SRR 5 77 158 2 R — 0 B IE BSR4 L matas Je ) b, B R i
72 1 B FRIE B9 J R 52 /2 SemEval-2014 task4(Pontiki et al., 2014)FlTwitter(Jiang et al.,
2011), ¥RTECEARE o AR X B 8 7 A0V B AR RN BB A ] 3 AT e &
W 1) TwitterEEEE JzSemEval-2014 taskaZHE & H o &7 — 1 LU B FRp9E) 7 IR &
(53 H1H100% 5 73.6%) ; 2) SemEval-2014 taskdBCEEN, TEM B bR R A — 8 A) 7
HHANES.6% - MAEEPRN AT, — T/ & —ELL Birim By i) AN E 15 otk
WL o HAE, HTIFUEIRSE T L BInsefli D, HBRA—BEHSEFIEAD, XF o mEIE
B Z HiRa) 7 LA BAnERS R E sk — € WM, RS TR 24 Bina) 7t tT
B g R AFE A= 18] -

FERFLL LR, AR T — MR 2 BRI RS R SCEIRE, A TARE 763397
P B AR, HR20715E0RE - ZEIRE: 1) BN BRSO AR 2) BROEAR ST
P 3) 2 BARERBMEA S AN A - BEE, A SCRIHZ A BIRIGRES R E RS
EWRE LT 75298, IR T & MR £ HRER BRI, H T TR T 5

it
2 HIEHEE

2.1 HiEES
RIS BT VLR IR S B A O IS Ve T RDRHAE N R IR TE o 1B BHILE 1000058,
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HEWH: AW BRREEERBIE (4192057) &
https://github.com/NLPBLCU/Chinese-Multi-Target-Sentiment-Classification-Dataset
"https://languageresources.github.io/
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<sentence id="2">
<text>KENT &, BEETFTEF, hEAFAE. </text>

<aspectTerms>

<aspectTerm term="_KZ" polarity="negative" from="0" to="2"/>
<aspectTerm term="J5[E]" polarity="positive" from="6" to="8"/>
<aspectTerm term="#4%" polarity="positive" from="12" to="14"/>
</aspectTerms>
</sentence>

Figure 1: XML& HIRE R KR 1G]

BRI o Fell IRHEUA TR 7R T 96 LU R B RRIERT 92, S EITT6TRITIG, B
F5323F R IEMITIE, 2444552 fmiTe -

2.2 MENSR

KR B ARG RAT SR BB, BA1&F BhREm e i Z a1, SORERIE
]~ A 5 R A -

FEVERRER AT, EBEE 2L E BRI T AREN S, H EREEHINEERIEE=
BRI AR EACE 4. 1) AR BirdiE; 2) BEREamimgtt, 3) A BirE
JRHH R BANIA] -

BARPRER, & MEIeHE BRIATE R, 93RES— 1 B bR e E A p 15 R
W, RIEEENZAFRIRESE R “KE?. fim,; “FE?. ER; “OE. Emn-.

2.3 HERE - BB SRERTS

H =2 E T = M AET 2Tl AR RE RS TinE, et —linE, ot
otie, TR B SAE ARG - SRS IRTER R, A PRE RS AT AR, 6
FTHIREA—BBIIE O 8 = AIPRE R AT -

BRARE « BATAFREX RPBEVLEN0055, #HRBIRERET #HITRRE - = &WRERE
FRE T A 1005 S, BUMEA—SEIR AT, BEEHIERC T PREME? .

HAERE . BUEFHXMLERGEME, WERLIFR . HE: < aspectTerms > B HIF R
AP, < term >FRAHER, < polarity >FERBREMIE, < from >F< to >FR HFrid
TG BEFLERALE -

PRERLTE

(1) Ebnid:  Bbria B HIAE )+ o S0 R BAR BT, AT R 02 5 A5
WRETER, FICHBOEIA S GE)E”, BinAr e RBRRE - IRSTEE . JAinER
HZ4 HERAEBa]F

(2) BRI : EEIER -~ fAm - FHE=FIE . IR0 E X FEA B R Rk
B~ RS o AR AN B XA BARIERE IR A - ANRESE - P E
SRS HARIAE L) - IS -

(3) PREHAL: SZHIVE RS BEMERS REIRE, AT LG F R B TIRE -
" (4) PRiEDSFR: BFREEVAAE, BHIREE AR R SR T S AR TR

(5) EFriEE & 2R shia A R

(6) BFriaEHIEZ IR, RAREE AN 1R &l i) B R -

2.4 WEFESEHR

FATObRE B bRiE N2 L F 5 B bRi KT % T3 SEF], S PRIE 720715 508%
#6339 BFR, FHEFENAF3.067T BIR - MEFOEIRREERF LWL 2R AIFH
PRIAE B E — S A —EE T, BiANIE R EERS f w5 =& ) o 37 . BiEEE
RFRE—BENT8.1% -

SPEANE 5 o B R B R 58 S A — 4 A
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B Ar iR 2 R ] = =%
AFFBERARE: 2 954 46.1
a)FH EmAsE: >3 1157 55.9
a)+ B Ania G B i — 2k 1009 48.7
FIF B ARaE B A —EL 1062 51.3

Table 1: HArim % i A 2 A

NGRS R PP T R =858
HEra i & || 3001 2827 511 6339
Hira bl || 47.3% 44.6% 8.1% 100%

Table 2: FE B Fria A5 B A 4 71

3 BASE

3.1 fRA

RTRREF T BIRER RAEROTEEA SO 8RS LAF, FTEsE 75 M EER
Y HCHIRMERME MRS, EhasE2 N TBERTH B bRE RS FEA . FATESLH
T11ETBERTHELEIBERT-SPC -

IAN(Ma et al., 2017):5_£ N30 5 HARABES LSTMZ B EIFEEZ IS T, #5771
R EAERE BRAR R R &R, ZMES BT REERSEEERS N EEE] BT GAE
BAONES, BEEITREMBUER LN IGEER, RESLHN LR XAE . AR5 HELTES
FERARTR, H5 ETICERPE .

RAM(Peng et al., 2017): & 5Ei#E N A LSTMZ G2 AF HEER ST, #EF A
B BMEMEMDOCIZAER, REWEZMEENE, B—EBERNERHELET F—ZEM4R
BT R, DUk IC I R P A HRE R -

ATAE-LSTM (Wang et al., 2016b): WA 745 & 895 A HLSTM# T 9% Ja , KA
B IALEI B E f oA AT 0, RSB RI R R ) M &S 7 TR [ R PHES R0 T T i A
EARIERIE -

AEN-BERT (Song et al., 2019): iz FITREE T B 15 R i 1 25 1) 7 TaD 1] 175 FE ARt 7
IR, FHBH T 2 A EEEILEIXT BN ORI 7 TR T3 -

BERT-HAN(fE ;s XIf8E, 2019): 3 FBERT I AT URHEE B 1L A4 M 2515
B HEAHBWRAMEA T, EERAATR R AT XA HABERTHUIZR A&, RIEH
F#ETE £ SOEE ) EAIEE AR B E i 2 IRE TR ) Bk B R B F SO H
IANEIE

BERT-SPC: ff FHiSE IR IF FIBERTR 4 BUF 5 # 1A [ &, BERTH $-4~a] F 4] 1 XF
PMEIA T ASCRH A TR BT, K EHIRAS BN SCEA) T TR, AT
N “[CLS]+ target+[SEP]+context+[SEP]”, SRJ5 K135 &% Asoftmax5r F25 -

3.2 SR

3.2.1 FUEEGIEMHIENR
BEEXRAARATELNZ BIER> RP XHEE, HPE5EHZ N BirmaF

633955 - ¥ FE3: 10T LU 93 IR BT RO 28 Rl o Ol SR At 4R, BRI W3 . RN

PR KRR, B IER 9 RAE AR B S ER SREEARECZ L -

A/ e BAnE | i BEAREL | RYEERE | BT
B/ HH(%) | B/5H%) | &/5H(%)

YIZRER 2250/47.3 | 2120/44.5 | 383/8.1 4753

URENES 751/47.2 707/44.6 128/8.1 1586

Table 3: £ HRER > R EIREFAER
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iz W EAEE | BRIREYER | #oX batch size
TAN 300 300 le-3 16
RAM 300 300 le-3 16
ATAE-LSTM 300 300 le-3 16
AEN-BERT 768 N/A 2.00e-05 16
BERT-HAN 768 300 2.00e-05 16
BERT-SPC 768 N/A 2.00e-05 16

Table 4: A SELE
TAN RAM ATAE- | AEN- BERT- [ BERT-
ISTM BERT HAN SPC
TERZ(%) || 74.1 82.7 79.3 75.1 81.5 86.2

Table 5: HAY BVERR

3.2.2 ZHXE

FARLZBERL RS HOL BB - EF, TAN . RAMR A Stanford K2 & 1 fIGloVeid
] &3 RAE R TR ZRiF M &; BERT-SPC- AEN-BERT - BERT-HANKHBERT BASE*#177i
I

3.2.3 LKLER

SIS E R ESFTR - FE6TRAIH | ERELRAIBERT-SPCEI &L, IANEIHE -
H FRiAl 5 26— A HH T IIZRMBERT-SPCHETY | 1l O RS A BIIR I /) B bria) 15 B )
R . MEABH AT BiRa S8 F#HTARER ONEITERER:. AEN-BERTSBERT-
HANFIRI S ANWBERT-SPC - HBFENE, P TIEBERTHEARAME ATAE-LSTM)#
5 B D B FBERTHIEE!BERT-HANS AEN-BERTE 4+, HATRERIER, A TEEGE:
ST RS -

4 B
4.1 BRI A [ o AR 43 R BE B0

BATE T ERB BERBINIE « 01 5 M = Rl R [m) 2 2805 O MEBEE AT T L, 53R
FOFTR o« HoA IE [A) F FR I A ] B AT W BERT-SPC, 1 i WBERT-HAN . FiE A4
B HR1E B [ AS [E R RE M RIIR T . B AR R IE S B M > B br ok i S B A > B
PR B R - Y BARIGRON R, S MEMPRMIIARAE . X—S B AEE LS
BORE S HIRG R 0 mE K (A WASCEE/INTHIER2) -

B L H AR 8 =M B BRI T E N R LU A v, B FrE AR REE A+
YR ERFEIRE - FTLUE W, PrEERITE B AR A IE /A G B B, MERRE o AR EEYS B By
BT, BIRFEESA . Hin S RE, =FETBERTHIER!, REMRER 9 1A H i
B A BEER K (BERT-SPCRARERA) , XUiHE TBERTEAGEELIRE MR
PHERISGT, FE—EPEEEAEER; X HEAMA=MIEBERTEA, HaeET Mm%
M, UL LR P22 R0 ) B AR B B R (5 B, EEEAREAE] FIANKER) .

ETFBERTHIME A GEAL L AFBERTAE AL 5 (- s Bl & MR B R E AR EUE A0S B, FATTHEM AT
RESTE— B LM EAE B AR iE /i B R fPERE, X AT B2 1% AEN-BERT 5 BERT-
BERTYE B AR RE I B RAMBER T YRR 2 — -

4.2 BB R > R BRI
NERARIZEARF B N EUE R T MRE, RIBRUREFESASHERHIR ML, 2HE
SRRSO 1) WA 2) SE=Z1HEBARLE .

Shttps://nlp.stanford.edu/projects/glove/
“https://github.com/google-research/bert
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T EiEE

LS B ERE | AR | PR R
IAN 82.3 78.9 0.0

RAM 89.1 89.7 6.2
ATAE-LSTM 85.1 87.0 3.1
AEN-BERT 80.2 79.9 22.7
BERT-HAN 82.7 92.1 27.7
BERT-SPC 91.3 89.3 39.1

Table 6: RAIAEANF R A LA RIERE (CERER%)

L]
I RAM

ATAE—LH/I AEN-BERT BERT-HAN BERT-SPC
Figure 2: & MEAL 5 BI7E B AR =P R ] I GRS o0 A7 5 v SR T E ROAIR B (e
K%)

60

50

0 II

IAN

[ IAEN EACE RS

Ak, FATDERE AN ERIRIREN SIER T, #RBASTRIE L HIRGE R R0
EEARLVMIFRE, BOMRE TEHE B MEN HIRrFl A 4:10465%, BAF R 14 5 574K
BN E BANE R REOREE AR BOIR, 3189 B ZRE RN, 5
BN 784526255 - FEIXH HFREURSE L, IrEEAERHT 7%, SHRESZHIZH
PRECISAEE] (R4) -

B A ERIE B B R EURE R X HinEEE LSRRG R A I TR A, BiRAHE
H1, RELEREUES, ERWITRERES BndESE LiEER -

BRI, BAREN L2 BRI T 8 B SR Lo 3, (BFER HIREIRE S L
PR A REH JE I L AE L B BB LR EREE & - IR, HIRARE S AEL 2L KT
T3, MRS KRR E R RIER -

Bt THEZ BREURER T, F—15%HZN BB RS E A — 20 &R K 1
RERIRIL, RSP /R AJLVEH, L BIRIERE—ENT, £ MEMPEGEEIEFLE (K
F90%) , AEN-BERTHIRIMEIF, HIXEBERT-SPC. & MEAILE L HbRIE R A A —EL
B, BERT-SPCHIEMELF, fEWATIR0%, AEN-BERTEIMEZE, HBAFN60%. FraERIK
PEBE LU I AT ] — B AP REXE KRR TN R%, BRIB A K2 AEN-BERT, #i540%, F%I8
E/NEBERT-SPC, A% 714.4% -

H Frid 2L [ IAN RAM ATAE- | AEN- BERT- | BERT-
= ISTM BERT HAN SPC
1 81.1 83.7 80.5 75.3 82.1 89.3
2 75.7 83.7 80.9 79.0 81.6 87.6
>3 73.4 82.7 79.6 73.84 81.7 85.6

Table 7: ANF] B PRERHERLA 0 R IERE (ERR %)
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T

Z H# 1 || IAN RAM ATAE- AEN- BERT- BERT-
& ISTM BERT HAN SPC
—E 92.8 90.4 90.7 98.1 92.0 94.4
A—E 60.2 73.6 70.8 58.4 69.4 80.0
NEEEREE | -32.6 -16.8 -19.9 -39.7 -22.6 -14.4

Table 8: BALAZ H PRGN — A —28dE L) RERE GEFR%)

4.3 BRI REE R
EI326 MEBIEAREIRE L REERMXMERE, &R RSN EA LIRS
TR 25 SR A S o QSRR I 25 SR AR S b, N — MR T AE RS, S — 1
MERIFM AR KA e IR, — MERITIMESIRES, A — MR AT BE 2 UM R A -
MESEH, 6B KRG R RHER LK, EARIAES0RLL £, EHFATAE-
LSTM5RAMAIHE M X BERT-HAN S RAMFAE XT3, T T 85% -

1.00

IAN

RAM
|

-0.88

AEN-BERT  ATAE-LSTM
| |

-0.84

BERT-HAN
'

-0.80

BERT-SPC
|

| [ i i '
IAN RAM ATAE-LSTM AEN-BERT BERT-HAN BERT-SPC

Figure 3: #8453 K45 R A R

A1 S5T T BERT-SPCHERI T #E 1% (H£2194) B HARER GERE TR E#A R B AR 5%
Al (BN 5BERT-SPCIEEITRMEE R H bR M2 ) |, FIFERIF . _Ub BINET 5 5 LM
KM S, EXNBERT-SPCERALEHZ T A B br, HABERtE — @ IEH T o ae, (22
GERsrBAR (219-133=86"1) FrAEAIE TCIEIER TN -

4.4 B¥REMEE
RS A B bR A R ) AT BE ML B MRS IR TION , 9 AT BE T IE M AT A R T IE R TN
AN IEBR TR B 517 8% 1] A L B0 A0 A B oR 5 22 H bR B ) B T S B - FRA TR
RS 5 AT 15861 H AR SC B BT &5 SR AT T35t 8 —4 B bR AL T
BT, BeE — A AN A, UIIJL?WTEWW@JEE%/\?&DD~ FIE B 55 B
MOF63L7 - FEILERM L, BATFE—BFE BRSNS« - = , EERYIEER0:
5y BRI IR0 5 16 1) B FR;
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IAN RAM ATAE- AEN- BERT- Bt
1ISTM BERT HAN
L 61 89 84 78 86 133
HA1 % 27.6 40.6 38.4 35.6 39.3 60.7

Table 9: BERT-SPCHRZY 77N £& 15 (H At #5574 §
SPCHETITIMEE R B M2 ) -
1B 22 5 5 69 B AR SR A R H A

BALEE. o 1 2 3 4 5 6
Hix ™%t 86 50 73 105 153 236 883

ERS TR IERf A B AR D&% ] (5BERT-
HA ST F BERT-SPCRERE TN B 15 17 H A A5 7 F

FrEtf% 54 3.1 46 6.6 9.6 14.9 55.7
MR S5 2 i H 5
SR 136 331 1179

Pt 5 FLA51 % 8.6 20.9 70.5

Table 10: B 775 R0 ) T B <5 2% 595 A

W R E R ECR 2,348 B AR
M. BTN ERR SN0, BT .
107140, B8e ™ Bin, FrAEAIEETINIER, G883 BArfiA I T Ef -

MEESEN R e« <h <Gy B, a0 G TE BIR8.6%, 20.9%570.5% -
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Figure 4: HFR“—F0 « “N—F, “iif « AP EA—30 i MR 551

£ B PR S R b, FATZ5 R T LUN DA S A

1) —8 AAEE BRI — B H PR A R B AT

2) A—B SAEEHREE A —ZE R AT 8 b

3) W AIEIERCE T

4) FHA—B PEERENS, HOEEERE R A —EE A .

F ATzl 7 oX A d RGO R R A AEIRE, W E4. B4R, = HRRE
BOR, 0% BIREZE RS H, MRS E, “A—EUR, DUE0%E A K HIRE 5 7
Ko SHEBNFEE, BIL70%0) BIREFR W, R R, = By htEfA—

BB, B2I85%H B ARMELL 3K o X URPEAIELL, HER R MER F IR AR A
_%&77’ ccq:pr 77’ cczz_éin’ cc_‘ﬁv R
4.5 LIS
FIRERINE LAy R AL — B RAEINR, BATx @ BT T B R 1 B AR A 2t 17
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TS, HI%ETEDERLIL. R11H, BEF, FBI00E, LaFHRNER, 267
455 R % B VR R, 1/-1/050 AR RIE /G /it BRI R A ) EE T
U A B9 B PRI - SR SO EIIE R R B AR, SRS HARRE, —E0 /A —
B0 544N P R R R BRSO R - SN S Dy ZUAIT 0 H AR A B SR R - R
—FE6 AL % E bR 17 R A T 45 2R -

AT & BB ARiA LU B R ) 250k B AR A A1 R ) SO A T3 anAE ) 7 “ L SEARR AR
SN, BEPENE T, MM LEER? ", BisAara”, HIERARERIAE
JBE - (BRETE RERREE M B T IE[, XA RERRDY, X AT HEE L E R
PRFEGE, HARRA NI, (BN HARA <R BfA, R B ) 5 RIE R T T -
vt BARA R BRI >R L, BT EARASCE SRR, A B AR B R A i
AT IR SR - tboh, I EARA R IR R A S WA, BERSS, ARESFIWM
FO G TR [P 2 5 R R - B ARAE A) 7 <58 IRONAE T UKEEIDORIE - 7, RUE H AR <KX
Y BRI Oy I, (BRR) T A B B AR R < 5 IR TR RIAIE A RS . ERTE
B L, BT B PRREEE (R T IE M S e B ARE, S R RHEEG T A B bR i ey
RiZEES B -

A Hir | KA THEE | BRI
HEIMMKERABRWE S —BEETR, OGF | gig | A2 | -1 111111
EEMNZAEENR LBROEKZESR) |, L
AR, I T =RME, EE—3# A0
(1), BuiifigEly, BEmeEma 7, Iyt
2RSEE (1) BF?

HRERFEZHE (1) THRBEARE, & | He | A2 |1 1-1-1-1-1-1
T THWEERE, R, BEA—HERE
B —ESEseEl (1) JE®/N, TR A FE
&, AR R EEXE P LS, maEE

FHE -

BEERE (1) ANERFEE, FREEE (1) &[T & [ A2 |0 1-111-1-1
AT, BRI TCH R AKGE - 7K

FIRANET, BEERTBLEILMRS (0) , | KE | —E 0 111111
AREIZE | 5188 5058 F VKBRS - es

Table 11: 2 uPEAEFHRITMAIER DG« Hp, B39, TEFHR N AR, 26T
I H55 AR % B VR R, 1/-1/05 AR RIER /G /it BRI R R A EE T
U1 R e B B BRIA < 58 SO SR R A B B AR, =S BRRREY, —8 /A —
B 544N R BRI ET LR SR - SEIH S Sy ZAIT 8 H AR R R B S R - R
— B 6 MR % B BRI 17 AR 1] B T 45

5 MXRIE

B8 B ET 7 T A (15 BT 5 IR AR R TR B 77 ¥4 (Ding et al., 2008)FAEE TG0 177
% (Jiang et al., 2011; Zhao et al., 2010) - XEETVEME TR —H o RERE N HFFEN &,
EXBEFRER N FHME TR T/E, HFERENBIMNE S HIE - EIAME M KSR NS H
T AIE By Fe4TI (Tang et al., 2015; Ruder et al., 2016) . H4EFEETFRNN AR T IA IR 1T Ho 4
FREN )7 5 U7 A 5 15 AR SRR Z R RER, B GG ATE R LR AR X AR
. Wang et al. (2016a)%f )T F145 &R J7 H 1A FHLSTM#H AT 4m 5, SRAER LS BE#UZ
AT AN, ARE ST T TR AIIE BRI R IE o Tang et al. (2016)%: T A\ 7T H3F 7] 244
RSN TIER N2>, BERNE—RET F—ERHNERERTEEE N6, K
RARE S T 44 B T A E BARME A - Ma et al. (2017) AN B A) FREZ 5 H FEE 1 4
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