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Survey of deep learning in MRI-based diagnosis of schizophrenia
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2. Brain and Mind Institute, Chinese University of Hong Kong, Hong Kong 999077, China;
3. Department of Psychiatry, The First Affiliated Hospital of Zhengzhou University, Zhengzhou 450001, China

Abstract: Schizophrenia is a severe psychiatric disorder with abnormalities in brain structure and function. The early diag-
nosis and timely intervention can significantly improve the quality of life. However, no effective methods are available for
the diagnosis and treatment of schizophrenia yet due to the complex pathology of this disease. Recently, deep learning
methods have been widely used in medical imaging and have shown their great feature representation capability. The per-

formance of deep learning methods has been demonstrated to be superior to that of traditional machine-learning methods.
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Researchers have attempted to use deep learning to assist the diagnosis of schizophrenia on the basis of magnetic resonance
imaging (MRI) data. However, few surveys have systematically summarized the application of deep learning in the MRI-
based diagnosis of schizophrenia. Therefore, MRI-based deep learning methods for the classification of schizophrenia
patients and healthy controls were reviewed in this paper. First, commonly used deep learning models in the field of MRI-
based diagnosis of schizophrenia were introduced. These models were classified into five categories: feed-forward neural
network, recurrent neural network, convolutional neural network, unsupervised feature-learning models, and other deep
models. The basic idea of the model in each category was introduced. Specifically, perceptron and its deeper expanding
model, called multilayer perceptron, were briefly introduced in the review of feed-forward neural network. The most famous
recurrent neural network model, named long short-term memory, was described. For the convolutional neural network, the
common model components were reviewed. Unsupervised feature-learning models were further divided into two subcatego-
ries ; stacked auto-encoder and deep belief network. The basic components of the model in each subcategory were described.
We also reviewed two other deep models that cannot be classified into the categories described above, namely, capsule
network and multi-grained cascade forest. Examples of deep learning studies used in the diagnosis of schizophrenia in each
category were included to show the effectiveness of these models. Second, the deep learning methods for schizophrenia clas-
sification were divided on the basis of the data modality of MRI and reviewed in accordance with the following categories :
structural MRI ( sMRT) -, functional MRI (fMRI) -, and multimodal-based methods. Papers using MRI-based deep learning
models for schizophrenia diagnosis were also summarized in a table. For sMRI-based methods, studies using 2D and 3D
models and different methods for solving the requirement of large sample size were discussed. Resting-state f/MRI- and task-
fMRI-based methods were included in the fMRI-based category. In addition to different methods for solving limited sample
size, studies using regional- or voxel-based functional activity features and functional connectivity-based features were intro-
duced in this category. Some multimodal-based methods, which show better performance than most of unimodal-based
approaches, were also described. Lastly, on the basis of existing studies, we concluded the main challenges and obstacles
in the real application of these models in schizophrenia diagnosis. The first one refers to sample-related problems, including
limited sample size and imbalanced sample class distribution. The second one is the lack of interpretability in deep learning
models, which is a critical limitation for the application of deep learning models in real clinical condition. The last one is
related to problems in multimodality analyses. Missing modality and the lack of effective multimodal feature fusion strategies
would be the key problems to be solved. Future research directions lie in multisite and longitudinal data analyses and the
construction of personalized precise models for the diagnosis of different subtypes of schizophrenia. Multisite data analyses
would lead to a robust model and enable effective evaluation for deep learning models before the translation to clinical appli-
cations. Longitudinal data would provide the dynamically developmental patterns of the disease, leading to enhanced model
performance. Personalized precise models are urgently needed to improve the accuracy of computer-aided diagnostic systems
in consideration of the broad symptoms of schizophrenia and existing biased methods. In summary, this article reviewed the
application of MRI-based deep learning models in the diagnosis of schizophrenia and provided guidance for future studies in
this field.

Key words: deep learning; schizophrenia; magnetic resonance imaging ( MRI) ; diagnosis; classification
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o L TR A 3, S0 IR IR T 3 TR0 A L 6 e S
( Yamashita 45 ,2018) .,

CNN 7] AR I B IR R ) B 23 (8] G R o 38
o3 A 1 23 T 25 0 A5 R, — SEIF S8R ] 3D 32
BAFFEYI 5 3D-CNN AL, WA #h 73 240E #4753 26
LA BN 73 RCR (Campese 55,2019 ; Wang
& 2019b)

1.4 FTHEERHEFIER
L4 1 MR A Shmih e

H sh it s ( auto-encoders, AE) f1 4 hd a5 117
T 25 P FA 23 2 8, 2 — i e B T AR A 2 > AR B
AE 38 18 XF 5504 25 1 7 2 5% 4 R A 55 2 A8, DT X
BRI TRIE R N . SR, AE IRRIERIRBE 1A
R, HERR Z A AE Rt EAR A 34 45 (stacked
auto-encoder, SAE) fIT TR T % 25 454, DT 12 i 455
B2 2] AN [) 2 R W RFAIE ( Zhang 5%,2018) , F
SAE JZH0iy i, BEAU AT L2z o) B O S e il 4
MIRAIE . PAHES T AE, SAE HAT BT 53 1Y A7 fiE 36
NRES o

SAE 2R FH 22 )2 1) Gt A5 it 0 245 g 2 ) 304 vh
AP ERE S, — LB 5% B T T M B 1) TIN5 S e
FIF SAE X B SHREAG B AT RE R | e 252
BUXH A Bl 73 BLIE 1) 53 26 (Patel 55,2016 Zeng 45,
2018) .,

1.4.2 BEEFEMLZ

7 PR B /R 2% 2 H, (restricted Boltzmann machine,,
RBM) iy — )2 AT UL )2 Tl — 2 Bl 2 4, J2& o5 —F
To B R AR 2] BT ( Zhang 45,2018 ) . 4 SAE ¢
1, R B {5 M 4% (deep belief network, DBN) i 13
HERR RBM SEIZACRAE S ] 3T T B 1R AE
FnRES) . 5 SAE AR, DBN J&—Fp 34
RS, o A Y 2Rl X 2 DA s KM 32 A LI 288
TR I S RRAE 2R (X 5 el 45,2018)

—SERF S DBN X 1 IR 5 A5 B0 2R 17 Ry
fEZeR , I 1E B FERE b S B0 RS o o3 240 19 43 25
i, Pinaya 25 A (2016) Yl 2 DBN J]F2¢ ) ¥ 143
ZUE B sMRI iy e B, e AR5 73. 55% 1Y
IrISUERRE
1.5 HfREER
1.5, 1 JREEMLE

1E Hinton %8 A (2011) TAE R JEAE I, Sabour 55
A (2017) 2 H T B 32 M 2% ( capsule network, Caps-

Net) DA K gl 25 3 1 ( dynamic routing) 5%, S515£4¢
iz I 48 i A R B 8 DR b AN [, CapsNet (1) % A
Rt Ay e i, He ] i R AR R A E R IR
[ i A 7 1) s FRIE R IR VAR B o ShaASER d S vkE
b TSR 2 B2 e 2 = () P A AR, S 30 s )2
MBS, S T BRAMERE (M E K 58,2019)

CapsNet A] DL &b 3 /)N #E A 20 45 ( Sabour 4%,
2017) , PR e 3 ] 3 4k 7w AR 4R AR 00 43 SR O
WF5EE R CapsNet He T 3452 GO0 bl 43 24 0E
BEFTO32R 153 T AL G IR BE AT 22 M 45 ((deep neural
network , DNN) 5 1 (1Y) 4 fE ( Wang 2%,2019a; Yang
4 2019)
1.5.2  ZRiFEGIBARA

5 R BT P 45 (1 TR E B AU R], Zhou FI
Feng (2017) #& 1 T 22 %7 B 2% Bk 2% K ( multi-grained
cascade forest, gcForest) B, VE B —Fp 3L T 1Y
Tk R S8 T R 2 AR R . geForest i
YT AN 2 SR A A 3 A A I AR ( cas-
cade forest) LI, SR FHHE AR i 07 20K ik 2 28 04T
YIRS, LR RAFIER R . T35k, gcForest ji ik
FIAZREE T B 3 F0 0 R A A7 AN ) RUBE B R A
HIR TRAEROE R

MM AL, geForest B 5 Tl 2k, £ 2 Fh
Gt A RE 173 K VERE. Geng 55 A (2020) R H]
geForest I SR IR AR ARAEH, BT IMRT Hidfs S 8 1
X R A3 BT R 18 Bl T AT 4 R A R

2 REREETFUARTGIOHH
5 BRI IR i B

ARG A RS B TR B 2 A A T
WA AR NG A 43 ZLRE 12 W7 i i IR R 53R
T sMRI 173 T IMRI {9 5 5 DA S BE T 245
BEAR 2 X B2 5 e iy B R AT T
A4
2.1 ETF sMRI WA %

sMRI HA7 75 [i] 23 B 5 (4R 0, AT DASRIE I Mg
LS55 8 . PRk, 5 F sMRI () 77 32 0] LA
FEAE A 50 00 R0 2 il 70 100 245 4 S o A =X, R 5
T2,

— LB sMRI A A 2D (R PR B2 2 2] 8
FFDRE A 43 24RE B85 I A0 25 F0) 15 2. S BT 11
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432K Pinaya 55 A (2016 ) 5 FT# 3 9% B4k Ak 74 4
1443 FreeSurfer ( Fischl,2012) $2EU N i Kz o J&8
FFRRZE AR TR R RRAE , B A HE T I 2k i) DBN
BRARE] 73. 55% ) r JEHERABE o [RIAE R B I 25
HISREIE , Latha F1 Kavitha (2019 ) JCIT45 #4140 240E B
I I 3 DX, KRR T sMIRT 3 31114 figi 2 XSl Sy
FRAE I 25 DBN R, f 26 52 XA B 43 240 1Y

K.

FHELT 2D IREE2 IR A, 3D R AL AT DL 5584y
HuAFH sMRT i 14 25 (8] 45 04 15 2., AT i — 20 42
TR PERE. Campese 55 A (2019) LA Kz Hu 55 A
(2020) fdf FHAS[R] F) CNN HE ZE 005 K5 il 70 BLAE F8 #5 1F
17328, 45 5 32 W] 3D-CNN A LA3E /3% ) sMRI 945
Ff5 B, 743 b 2D-CNN FI S5 ] i AL (support vec-
tor machine, SVM) BE{LA023S45 5,

SRR 2 I AL SIS b s H 0571
PERE , (EACHLRY B E A TR B k. O 148 M A Y 1Y
ek S RO FH A (L, AR e 2 g I s, AT 32 7
BAVZALRE ST o BT X5 IR)E, Ulloa 45 A (2015) ff
FA A0 57 1% 43 %3 M1 (independent component analysis ,
ICA) FRBFEA I GETHPEAE B, I FBEAIL A2 5%
FESATREARY 1S, 5 2T MLP BRI, 5
ZITIER B AR, Pinaya 28 A (2019) i 1 113 4>
IEH N sMRI 204531 25 SAE AR 2450 1Y Z1 i 1
IEH N AR R A 2GS B B RS i 2L
S R R XT BB A A2 B, ) T A A B8
S ) 2 T 18 22 S A A S R 5 4 8 A I F5 A
e T T O SR Mg BREXT BR BT A5 48 A 1) 22 57 52
WA, 35 WA BT 2 o0 B I e
TR Y UL A5 2 B & B 1 2r 8 PERB. Zhou SR A
(2018) FI FH 8 2 A4 0o iy sMRI 545 #4) 4 DNN
BEAY , B A9 31 76. 82% 1y R UERG L. T Oh 4§ A
(2020) >R 5 K5H 73 B0 2 JFEUE HE 1) sMRT $§
FEZR—1> 3D-CNN 2% s ZR1% 1 97% 1Y /32K
LR
2.2 ETFMRIWTE

FAE T 5 b ik 7R 45 44 15 5L Y sMRT % i , fMRT
A DL BRI D) RE ) s A28 4, T IMRT /907 12
WFSERG 1 53 220 B B DRI D e e i A =X, Rk T
WG TR R P 2 D BB AT 00 2

#rE A fMRI (resting state fMRI, rs-fMRI) %I i
THER 3 2O EAE TR 55 RSN B R i 2 g S

B, —LLF5E o 580 I rs-MRT A 45 5., i A
R, K rs-IMRT {55/ I, LRl
PP AT o JE WG, Patel 55 N (2016) B J5 ik R
T TS S8R5 R SAE 45/ figi [X. N 44 2% fil s
] P A AT RAE SR , B2 T SVM S 3K i 73
ZUIE Y5 . Wang 28 A (2019b) Jy 5853 F ] rs-fM-
RT =5 [8){5 B, 78 3D-CNN | Az B2 (di-
lated convolution layer) 3 K T J&Z 5, M i g BU IE
I DA SR TA) A RRAEAR =X, B AR R AR A5 81. 8% 11
OYRUERAEE . Ayl AT vs-fMRI (1] 1] 12 25 [R) A
B, Yan Z£ A _(2019) ¥ RNN F1 CNN %54, s2 30 %
rs-fMRT ][] J55 5] 1) i ] S 25 A4 5L B2 90 , R0 7E
T A AR L RS TR AR R T 83.2% Y4k 2K E
R

5 BRI EAE BN A 5T IMRT
(] 51333 D §E % 322 (functional connectivity, FC) {E
NRHIEFEAT 4326 o FC 20 18 R 4 2% B0 X [ 1 2
AERE G A (Friston , 2011) AR5 36 8 1158 il DX 1]
Y- SA IS 18] 31 64 B2 ZR BRAHSC R B A FC, TITRIFSE
KR 3 ZURE B E IR DI RERE & S A Kim 45
A (2016 ) ¥ 5T AAL Bt 115519 FC AR A REAE I
Rz L1 JEROE ALY SAE BHY X5 K filt 73 BL0E 1F
139328 e 8345 85. 8% By 432K MERf & . Han %5 A
(2017) 24 1 ¥ ek 405, 8 F— 4> = Bir Be 1) DNN
X FC HEATRE 4t , J5e 28 SIS Bl 40 S40E FBE 1 4%
¥, AT IR FCRHE, Zeng 55 A (2018) fii
ARG FC I ZR SAE BERL, Xk i 7 240
HEATAM2 , e AR5 T 85% I 43 S v 3, FF1IE 52
TG NG FCAFER] LIRS 24 HI Y
{5 Wang 5% A\ (2019a) $2 i T —Fh Z £ Caps-
Net , Z R o B AN [/ ROT 19 45 B 2% ) FC &R
fiE, 7 AT T FC RRER) 2 REAE B, %453
82.429% Mo K HER B o [RJ A IS T CapsNet By Jy
¥, Yang 55 A (2019) F A 057 ) 1) AR # it &
A CapsNet 7316 FC 72N B ZFRHEFEF T ), I
ZIMAIE A CapsNet 12733645 5% . MHELT B
W7 Ay — R B B3N 1 5 ik, TCA /] LS I
MRT {55 007 553, T HE— 25 A FC kA7 43
Bro Yan 55 A (2017) R AT ICA 1+ FC 158 %y
fEYIIZ5 DNN, Jf-7E DNN H15| AZ 2 AL (layer-
wise relevance propagation, LRP) , )\ i 7E #4702
A B 5E T e B HIRIPER) FC RFAE, Qureshi 5%
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A (2019) %I ICA $2H 3D-FC [ 2%, Ff-5s HAR W s
fiEfi A 3D-CNN #528Y , SIZ 50 i B fir $2& B i 3D-FC ¥4
2RI o U BA B R A ) o

R 7T rs-fMRI (855, task-fMRI 38 3o 18 4
(SRR ) S8 UHUE RYAT 55 , R F0 HAEAT: 55 i Be
PN PR A P REZZ AL 15 0, o 48 ] 1K i 0 BE 119 73 2
W5%, Dakka 28 A (2017 ) {#i [ 4D FY task-fMRI %§
fi5, LA T SVM LSTM LA B CNN I LSTM AU Y
GIEPERE, G5 R BHIE T task-fMRI A4 A1 AT
LA R M 7 240E . Oh 55 A (2019) B3 F0)l|
ZRIRm il task-fMRT Y1 25—~ 51 A 3D B H S
1% (3D convolutional autoencoder, 3D-CAE) ) 3D-
CNN #EAY, fe 245.51] 84. 43% B 43 SHER

FET IMRT B 75 125 [R5 2825 R A ey 48 i 45 7Y
MNZALRE ST o —SERIFSE I 1k 85 22 B AR A IR
JEAE KA, 15 3] TG B o RV RE (Zeng FF,
2018;Yan %5,2019) . 1 75 B4l 2 A FR1E &0 T
Qiu 55 A (2019 ) jd i i3 1CA 150 <7 L o3 194
X AMRT Zdfs gEAT 974, Je 2R il CNN 2 3Ly 26
[ FER LT ICA 19 5 %, Niu 28 A (2019) i i 75
ICA FI 5 X5 EH R 7S [) 2 B8 25 [R]SF- 1 RS 38 108
WL BAEY 5, e 4 AT CNN 733 1 90. 79% 1)
OYRUERAEE . SREAY 1Y 7 AN 6], Matsubara 25
N (2019) 4 H — B F T /INRE A 1 0% J32 ot 28 24 i
1% ( deep neural generative model, DGM ) , 2 #%i %l
AR DU iS5y KON 3 5 BB REAS SR B A [) 2 591 4 ]
REPESCINAT S AR5 76. 6% M43 R UERAJE
2.3 EFSESBIENTZE

B T bR A — AR Y s A ST
BT 2 RSB A A TR 2 2 B TR B s AR
A4 25 8 RE . Srinivasagopalan 45 A (2019) F#:3&4
sMRI A1 fMRI A5 AEYIZ5— > =)z i) DNN BER S5
12 94. 44% WP RUERREZ . 517 RS SRS
AEASIRY, 29 585075 FEAN B SRAAE (] O AE R PG &R
— B BIF 57 ol 7 AH 5 43 B ((canonical correlation
analysis, CCA) 5TRE ARG G , #E M 73r 2
BSHE . Qi Al Tejedor (2016 ) i i # 5 CCA FI
DNN 4 7 B AU A OC 73 A7 (deep CCA,DCCA) 5
B S — A I L DU Al T Sl R SRR G 1
fh ( deep canonically correlated auto-encoders, DC-
CAE) BEAY X PSR TAT LA 2Rl sMRT FI M-
RIUFFAE, 5250350 T DCCAE HA B4 1) SR 545

MERIERE ) o Li 58 A (2020b) 1E%¢ 45 CCA il SAE
R T P 5 LA i A 249 SR B 4045, BT Y IR 3 S
T 5 # 55 B 4 15 % ( deep canonically correlated
sparse autoencoder, DCCSAE) SZ ¥ T X} BLA% 1 iR %2
HIPE (single nucleotide polymorphism, SNP) 41k DA
S AMRT AFAE I G 0 2 o (H Hy 3120085 B AL i
Ty e/ 2 A JEL R A (] o 7 S 2 i B B
i A AR SR AT 28, P HAFAE — S R BR- P
R DRSS B R 2K [R)/E, Ulloa 45 A (2018) F1J 43
W BLY o~ SR, 15 S5k I ICA 5 i sMRI 1 fMRI
Bl , IR B AL RO S s A MILP 54T B
G5, W5 e PR R S R Il R 2 125 MILP 5,
I A 3 LR B — RS SO 2 S RE

UL VIR I TE S TGRSR R A
G BLREIZ W R LT R 5 SCHR, T DA H 32 s )
WHFCRAFAE— & JRBRYE 1) AT /N ;2) B
S BT RSB RIS AR D KRR A
TR R AR T sMRI B8 IMRT K4l , fofe /0 1Y 5z ke
FIBEFAE AR 45 1 1 DTT 88, PRt 34U i F 5
T RARK I K 2],

3 #kRERE

3.1 HFAREXER

DRI 5 ) 2 — MR SRS i 7 3k, 7 ik TR g
TR AR o SRR TR E 2 ) I 31 2 T
SBIITETE  FEAEAT AR A R /N TR AL, T
AEAS A TR A E M 22, O TR 2 AR K
SEfi 3 e 5 B30 TR B2 2 > B AR I PRME A3
L —AERRNE . BA PTG T
VAR DRAZ IR, ELK 28 T5 35 AR08 B B8l A ik
A AAE—E I BRIE . AR~ IR 1
FURRESCH FH DG 9 KR B3l £ v 101 5, P06 0011
SRR IAE F AR s 2 > IO RIS, T
PA—5E T BE 2% M B A 42 fi /N 19 ] 3 ( Litjens 25,
2017) , XIS A BRI — DB ZHEITTT 17

73— GRS K Y U AR A A 21 o
IPRAE 55 B WAFAEREAR LA T A1 00, IR
FER A 7 ) B DI 2R 2, 2 3 SRR
T b B 25 o 38 T SR Bl SRR
JT BRI 73 A o SR, X 86T vk 2 i A R
K mad 45 o Kang 5 A (2019 ) UEHA T 53 5 11
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Table 1 Overview of papers using MRI-based deep learning for the diagnosis of schizophrenia

ik A~ (SZ/HC) BiZs i) LR BE/ %

Ulloa % A (2015) 198/191 sMRI MLP 75.0( AUC)
Pinaya 25 A (2016) 143/83 sMRI DBN 73.55
Zhou %5 A (2018) 662/613 sMRI DNN 76. 82
Latha fil Kavitha (2019) 72/74 sMRI DBN 90.0
Pinaya % A (2019) 35/40 sMRI SAE 70.7( AUC)
Campese 22 A (2019) 46/55 sMRI 3D-CNN 86.3( AUC)
Hu 25 A (2020) 141/134 sMRI 3D-CNN 79.27
Oh % A (2020) 443/423 sMRI 3D-CNN 97.0
Patel 25 A (2016) 72/74 rs-fMRI SAE 92.0
Kim %2 A (2016) 50/50 rs-fMRI SAE 85. 8
Han %2 A (2017) 39/31 rs-fMRI DNN 79.3
Yan 25 A (2017) 558/542 rs-fMRI DNN 84.75
Zeng % A (2018) 357/377 rs-fMRI SAE 85.0
Qiu % A (2019) 42/40 rs-fMRI CNN 98.75
Niu 2 A (2019) 42/40 rs-fMRI CNN 90. 79
Yan 45 A (2019) 558/542 rs-fMRI CNN +RNN 83.2
Qureshi 25 A (2019) 72/72 rs-fMRI 3D-CNN 98.01
Wang % A (2019a) 60/71 rs-fMRI CapsNet 82.42
Wang % A (2019b) 28/28 rs-fMRI 3D-CNN 81.8
Yang % A (2019) 102/120 rs-fMRI CapsNet 82. 83
Matsubara % A (2019) 48 /117 rs-fMRI DGM 76.6
Dakka %5 A (2017) 46/49 task-fMRI CNN + RNN 66. 4
Oh % A (2019) 103/41 task-fMRI 3D-CNN 84. 43

Qi Fll Tejedor (2016) 69/75 sMRI + fMRI DCCA/DCCAE 94.2/95.0( AUC)
Ulloa % A (2018) 135/169 sMRI + fMRI MLP 85.0( AUC)
Srinivasagopalan 2 A (2019) 69/75 sMRI + fMRI DNN 94. 44

T SZ 7R 5 M1 20 Z40E (schizophrenia) 3 HC 755 {85 6 B (healthy control ) ; AUC 26715 area under curve,,

I ZAE 1T LAZEARAEAS S AS P 1) S0 T 520
1 B2 SRR T IR BE o~ A 2 TG IR AR 1Y
RiHR o ZEE L W TR AR R T 18]
3.2 AIfEREEEE

FEDRBE 57 > U, mT figp Rk 2 1 R L2 L
(175 2 AT B BE T (Doshi-Velez il Kim,
2017) o —HRAR, TR 5 2] 7 IR 2 52 15 2 G i
BT TR, Hli TRES I RA“RET”
JE A, AT 2, e LAAE I T A O AU A 2138 I

PRI AR R A RO ] g BB 1 7 . HAT,
TEBE PSR S ] B Jy ik, EEA R B ]
AL ( class saliency visualization ) J7 % ( Oh %,
2019) , LB ARAE B M 2047 ( Yan 45,2019) 553X
SO T VL o TR R X S 2R R A0 TR Bk AR 1
AR, (EAEAE B 40 AR A 19 BE DL 3l ( Ghorbani
4,2017) TR R, B — R BRI KM
TR AR B 7 2t & R0 R 5| R
R R AT B PSR o | R TR ]
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il PR VS ZE R ST J7 ] ( Singh 45,2020)

BT AT ff B I 5%, IO 75 B 5 SR AT R B 5
BEALPERE Z 0] () [ 08 G, BPI F 0T, PERE SR s
(T IR AR AN T i R T e L v i R 1) T s
AETCI: A B A (Gunning 45,2019) , ZRH 2B
BRI TR, 43 B BRSBTS i BTk, DA
TR AUAIE PR B8 AR 12 W T AR AR, AT DATE R 455 Y
PR RE 14 [R] Ao S B BE 4 1T 119 i B, 3K e AR SR ABE AU 1] i
BEMEWT I I B2 R 3% 12 (Singh 45,2020)

3.3 ZEBEIES R

H T, TR B 2 2] 78 JE T 1l iR 52 AR 0 ot o3 24
FEIZWTH 0 1 K 225k AT sMRI I IMRI 254 | 1 %
4 DTI$cdl vl ge Sk — R THER AL 0 et fE . 7
Gh B T R RS, WA E A PR AR Y
bR (BN L KA ) T B R 2L0E 12
Wr ( Aguiar-Pulido 55,2010 . fiff 57 3 BHAE 1 HL PR 52
BGAEAREAREEG  Hr, AT LA — 2D 38 T X 9
(153 AEBE (Yang 45,2010) o PX itk 7853 I 2 Fib
B T ARG v M RE R AR [R) i 5 A Bl TR
FPGIPGIE I, ORGP 3 SRE J BLBTL R ) F 5 2 A
#i (Li 4 ,2020a) , % & AR R E 2R SR Jr 1)

BRI T Z RS BIR MR A 28, Ak
R 5T A S a3 MBI X AW R AT AT A AR B AR AR
DB [ R, 385 04 A0 2 T B 540 e 2 1)
B (HAEANRE 70 40 A A 5 . 38 2 ) 245
BEIFATA B AL A, R o B B i) 24 20 3
W, 6 REA B B KRR B b il T A o] FRREAR DI 25
B | T2 ) AN RS AL A I RRAE 26 7R (Zhou 5§,
2019) , sl ] — B [ A S B (m] 1) 56 &R, R
FAAE BRI I 45 B b ik 26 A S 508 ( Cai 45,2018)
BB X% ) EE AR i — S5 0 7 1)

BT 2B EE 5T 0 S0 A R Rl oK
W H R S ER Al SR B B 2 R
P2 AL o ANl A 50R) R B2 S BRI 2
FFFEFINEE ST, SCIUARHE )2 T A Al , (A A5
FERITT I FIAh, B TFIREE 2 BB Z 2454
AR — 2 & Z RS, e R R T B R
14 [] {8 ( Zhang 45,2020
3.4 ZHORHNEETE

{1 1 22 TR OB s A AR A 90 AR B A 1% 40k
WSS R B . 3 I TR REAR IR 2
> RERILEN PR L FH AL, T ZEAE AN 7] Hh DR T

ARG MRS BN 0L, ik iy
SRR R P s A [ HLAG L 2 [ B [ A4
Vi R 2 P D BRI TR E 2 ST AR, O AERE AL
S PRI FH 2Z T, %o TR B8 2 > B R AT DA 19 A 2L
Jitho

HAT, R ZBOCE DR TTE , SR s i 2
SE AR REIT AL , A [F) B BEA B R S AN IR, A A b
FFE TS A BA R o 8 i >R O ) et
RHRIP U , RPN ) A I , A B 5835 3
TR A B BT 5T (Feczko 45,2019 , 3 12 1% 4t
BRARIIBFTETT M Z—
3.5 MEBESHTEER

R A 1 22 R IR 4B I R 23451k
ANRMEAR 8BRS FI07 (89 SN AS ), 7 2R XA [
iE AR 1 S8 R E AN TR 3R 9T 7 %8 (Correll 4%,
2011) o SR, H AT IE K 20 5 TR Al 70 2UE 15 i
SRR Y — 23 2 )L, S A7 AT 5 RE 6 S BUGE AN )
AR PR 70 ZO0E W2 (R AR HEZ . 535, —
SEHPL PR (Blanite 25 AR 0 48 o n] BE 2 X At
FEACRIE W . NILEE S B IR SRR i iE
A [RIEAR FRS 1  ZR0E T B F) AR AR 12 W
T A Bk — 2B PR T 1 20 SR PRI WA

4 2 i
A SCRE TR AR T IR AR K vl

SrEUEL W LT, I — W 1 iR AT A
PRI LA S AR R 14 SR B, 3681225 1) O AF 58 AT
—EWSH MG FE 1) TR~ ] LI R
o > HRE AR S Al /I PR TRDIEEE T =~ ey oo ) 288531 3
UE Ay e R A AR I3 AN 3 4ty ] AR ARE O3 ) S
2) ML ZMIRG | SRR Zi G 2R it
Fr R AL e R ] A BE LI e AR 3) JT R
RSB FIEARNK W H AR 10] . FIH T B
Bt 2] Em , S F A BT ) 46 i e il 2 A5 25 4
Y ) R, 2 B T TR AT ST 5 16 o A e] I A
AR Z RS R  RI R EHAHR R, 4)
Wkl 2o 0 S Al O SRR A, A B T 4fE Sl Y
1k PR L B G Ak, 10020 2 1 50 o 2 R ok A A
FRIEEH . 5) LA HIEZ MR WAL
HEIS WS TR S DU E D 7 i B B0k

L5 LTI, TR o S TE R T REILIRAR R il
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G3BUE 2 W R R — PR RLIE AR ST
Jilalo R T HESHUREE 2 > BT AT 5% B B 3] 52 B vy
FRMAL, 5 B & AT M R SR A

BB RGN R (RN BT AP
xS AR R G FAF
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