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g, B e . S RUE R RA G
SVACEUE, TIE MRIBSE 1 5325 A8 85 i i 4544
MRIBFFE, H DT g — s 5 ) i 45 # BF 52 4
AR, FEILH T RO IR, 728 2 oTiE
—HARE N AT 4R R 1) 23 2R T R bR

Table 1 Studies of diagnostic biomarkers for depression based on psychoradiology and machine learning

F1 ETHEMBEMNYRZF S BIEBESE £ FIREDHARICE

ZEW B FEAZS & HE Pt & RTIR REAE i X HER 2R/ %
Roberts et al., BD  HC=80,BD=49, rsfMRI SVM Rt JEAMUTTZ P ETAR I R [EL. 64.30
2017 BD&fEd =71 i NN 3
Sundermann MDD  HC=180,MDD=180 rsfMRI SVM CV AYE 47.50~
etal., 2017 53.60
Hilbert et al., GAD, HC=24,GAD=19, SMRI SVMs LOOCV AL A AR R [ AT A R 68.05
2017 MDD MDD=14 JER A
Ramasubbu MDD  HC=19,MDDU#f#0) rsfMRI,fMRI SVM  5-fold CV  Fidl & L [al AP Rl AR [ IERT 52.00~
etal., 2016 =12, MDD(® &)= (HFZIRGHIME PG BT R AT A [FT . 66.00

18, MDD ) 45),sMRI i &%

=15
Rive et al., MDD,BD BD=36,MDD=45 SMRI, rsfMRI GPC LOOCV P HEE 45 - 00 (] LT R (BB . 69.10
2016 (DMN, SN, T0 N & 0] LRI N BT A

FPNs) 5 5% (A

Frangou et al., BD,MDD HC=30,BD=30, MRICTAEIEMZ  GPC  “leave 2 NG T EIS 73.10
2016 FELE#H MDDEESLHE=30 (L5 out”CV
Rosa et al., MDD HC=19,MDD=19 fMRI (PE5]X 4 SVM  LOOCV SN TN TS E N SN 78.90~
2015 5T TN A o T I 3N ol N TN 85.00
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= BN /S S FEARZ & &M R IR FRIEAN X TR /%
Sato et al., MDD  HC=21,MDD=25 fMRI (R0 LDA LOOCV WG LE AT NG 78.10
2015 SIS
Shimizu et al., MDD  HC=31,MDD=31 fMRI (FiEW  SVM  10-fold CV & [El. /M. #MEETH 90.00~
2015 WSS 95.00
Sacchet et al., MDD, HC=61,BD=40, sMRI SVM A w REZ. RIRE. 59.50~
2015 BD  MDD=57, GHEK, Tk, B, B 62.70
MDD (Zfi#)=35
Fung et al., MDD, HC=29,MDD=19,  sMRI SVM  10-fold CV i kg, @irhlal, BETH. T bRl 74.30
2015 BD  BD=16 Ti [l
Patel et al., LLD  #Z4EHC=35, SMRI, rsfMRI SVM  LOOCV Ei N SR SN T N 87.27
2015 LLD=33 5DTI MR H AN TR 2 4 [9]
Johnston et al., TRD  HC=21,TRD=20 SMRI SVM  LOOCV FRAZ . 8. MY AUAEA =) 85.00
2015 FE[ 2R 5t
Mwangi et al., BD  HC=16,BD=16 DTI SVM  LOOCV BRI A, HESoE R, BREE. 7812
2015 G TR
Wu et al., UD  HC=26,UD=25 SMRI SVM LOOCV T AR 78.40
2015
Koutsouleris MDD, SC=158, SMRI SVM CV AUREL WS, MEEL B, N 76.00
etal., 2015 SC  MDD=104 Ji s i A B X AL T, A hiE
B X 35k
Caoetal., MDD  HC=37, rsfMRI SVM  LOOCV BESSA R Z LRl TR SME.  76.60
2014 MDD=39 JEdnAEl. i R [
Guo et al., HARUD HC=27, rsfMRI ANN CV W A, SR, T 90.50
2014 T RUD=36 NS
Serpa et al., MDD, HC-141=33, SMRI SVM LOOCV A 54.6~66.1
2014 BD  HC-241=38,
MDD=19,BD=23
MacMaster MDD, HC=22,MDD=32, sMRI SVM CV AV 81.00
etal., 2014 BD BD=14
Chen et al., BD  HC=14,BD=9 SMRI SVM  LOOCV W, i, T 57.00
2014
Qin et al., MDD  HC=30,MDD=29 sMRI, DTI SVM, LOOCV B AMUA Rl SR [ R e 83.05
2014 GPC
Qiu et al., MDD  HC=32,MDD=32 SMRI SVM LOOCV A el R AT IR, R 78.00
2014 1108 SN I NG S8V BT v X |
Dominik et al., MDD, HC=22,MDD=22,  fMRI (|} GPC LOOCV TR AL IS 79.60
2014 BD  BD=22 MAES
Rondina et al., MDD  HC=30,MDD=30 fMRI ({5458 RFE- CV A El . UR L R N 67.00
2014 MG SVM By ES R VNI E N A N EXTT N
LA T AR ]
Wei et al., MDD  HC=20,MDD=20  rsfMRI SVM  LOOCV i 7 N1 11 N o 17 T X 1)
2013 (TN 10 S T I < I T I 24

L NN
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= BN /S S FEARZ & B P = € AR FRIEAN X TR /%

Grotegerd BD  HC=10,MDD=10, fMRI ({§4%iH SVM  LOOCV T O T I 1 0 ol N 31 T S TN 90
etal., 2013 UD=10 HIMES HAMUHTE . A
Yu et al., MDD  HC=38,MDD=19 rsfMRI SVM  LOOCV WA . BEHTIH . TR 80.90
2013 WAL . BUREL N
Almeidaetal., % RUD, BD=18, ASL SVM  LOOCV [N E i HET 81.00
2013 BD  &KUD=I8
Miho et al., MDD, BD=43,SC=41 DTI, sMRI SVM K R N T E (TN DTN 88.00
2013 SC O AR AA ] i =
Lord et al., MDD  HC=22,MDD=21 rsfMRI SVM CV B LT N T I B T N N 99.00
2012 DTNy A
Fang et al., MDD  HC=26,MDD=22 DTI SVM  LOOCV MEZIH . ML . B, 5 91.70
2012 ZaL I T S T I = A CTIN

N/ it |
Mwangi et al., MDD  HC=32,MDD=30 SMRI SVM, LOOCV HAMURTAA . AIIARE . HEZ . 90.30
2012 RVM BT SN NNV
Zeng et al., MDD  HC=29,MDD=24 rsfMRI SVM  LOOCV AR [RLL U AT A BRI AR 9430
2012 RUNE /L SN
Gong et al., MDD  HC=23,TRD=23, SMRI SVM  LOOCV i b, witEl, FEEEsIX . o 58.7~84.6
2011 JETRD=23 P =1 N RGNS 7 N5 B~ I TN

FEl AR
Hahn ez al., UD  HC=30,UD=30 fMRI (1% % 1 SVM, LOOCV L INEINIEY /N N T 83.00
2011 WAES, MW GPC

JihZEIRAT 55

Mouraomiranda UD  HC=19,UD=19 fMRI ([ # 1% SVM  LOOCV BLRGH . TR Al B R [ 63~65.5
etal., 2011 TRINES B B L AT R

[l RLHEL
Fuetal., UD  HC=19,UD=19 fMRI ( fi 1 SVM  LOOCV LR A e, e, TR 2 86.00
2008 HRHIMES) falEl HREL ES. B O. K
Marquand MDD  HC=20,UD=20 fMRI (kg SVM LOOCV AibIE ., A e, AR R, T 68.00
et al., 2008 12415 (TN 00 o =/ AN 11 S I T ol [ AN

Rl Bowy . e 55 m, RARAZ
7N

fMRI: ) GRS LR 1% (functional magnetic resonance imaging) ; rsfMRI: & B 2520 A8 @ 3L IR iif%  (resting-state functional magnetic
resonance imaging) ; sMRI: £%5¥4 % 347 if% (structural magnetic resonance imaging) ; DTI: ¥R 5K & iif% (diffusion tensor imaging) ;
ASL: ik A Jiédnic (arterial spin labelling) ; FA: #5[a] 5P 5344 (fractional anisotropy) ; TRD: XE{fA PEAARAE (treatment-refractory
depression) ; PD: MR [ fiF (panic disorder) ; AG: J 32 HfifiE (agoraphobia); HC: fH X B4l (healthy control) ; BD: BERASAE
(bipolar disorder) ; UD: i #f il it (unipolar disorder) ; MDD: = J il il if (major depressive disorder) ; SC: A& #ft /3 % iE
(schizophrenia) ; GAD: J iz P £ 65 (generalized anxiety disorder) ; LLD: Z4EHIAR (late-life depression) ; ECT: HLAK 78 J7 ¥
(electroconvulsive therapy); SVM: ZH§[HHL (support vector machine); RVM: #HIE[aEAL (relevance vector machine); ANN: A T #f
Z: M %% (artificial neural network) ; GPC: =il #4335 (gaussian process classifiers) ; LDA: e KR P H5 3 #7 (linear discriminant
analysis); RFE: #JH4#EHBR (recursive feature elimination) ; LOOCV: fi—1k38 L HGiE (leave-one-out cross-validation); CV: 28 55
JIE¥: (cross validation) ; 10-fold CV: 104738 X ¥ HIF (10-fold cross-validation) ; 5-fold CV: 53738 L5 HF (five-fold cross-validation) ;
“leave 2 out” CV: B 3L XIGIE ( “leave 2 out” cross-validation); dDMN: iFIERIAMIZS (dorsal default mode network); aSN: Fij%E
M4 (anterior salience network); FPNs: #fi[iI [M%% (frontoparietal networks) .
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32 WBHEWERE

T A 2 a4 S IR L BRI N g KUK
MRS S R, ENTAE TR L AT, A
1 5% MDD 3 195 R A B SRS 1 fs AR
LB X AR Y 5T A B T ARAE

SENBEI) SN A BUANTRB YIRS, A B A

TR R 2R R AR S T I ) PR AR
HLAR > 7 A gk 6 HA T g

TR L)~
PRAEPIRHERTE (R2) .

Table 2 Studies of preventive biomarkers for depression based on psychoradiology and machine learning

F 2 ETRMWGIIEEZE S WINERER R £ W F RS RICE

ZERL PRI AR & H 3R 2 SIGAIFE FEAER X R/ %
Ramasubbu ~ MDD  HC=19,MDD(4%/#)=12, rsfMRI, fMRI ~ SVM 5-foldCV  FIZM-. i S ATRTH0 58.00
etal.,2016 MDD H)=18, CEZRBITES, ity el

MDD (5 ™ 8 )=15 sMRI
Sacchet MDD, HC=61,BD=40, MDD=57, sMRI SVM AV FEOIRAZ SN 7] o 59.50~
etal., 2015 BD  MDD(Zi#)=35 62.70
Foland- MDD  HC=15,MDD=18 SMRI SVM 10-foldCV W MHEZ M. A el 70.00
Ross et al., ST 1 N I
2015
Hajek BD  HC=45,MDD =45 SMRI SVM, GPC "leave 2 out" R AR XU H A L 72.22~
etal., 2015 cv A ElL. iR EL BT 70.37
I FIRL
Lueken PD, AG PD/AGCAHEUD) =33, fMRI (RMEZ BENLRCRFER LOOCV J 5 M R A 73.00
etal.,2015 (f£UD) PD/AG(fUD)ZH=26 TS (random undersam-
pling tree)
Macmaster UD  HC=18,UD=19 rsfMRI FisheriZ 5 35 LOOCV HEAR . Afgit. ot 91.90
etal,2013 I3 Sl BRI S
RI: IIRE @G 34k % (functional magnetic resonance imaging) ; rsfMRI: #f & 25 U1 g #f 3L & i 1% (resting-state functional magnetic

resonance imaging) ; sMRI: Z5HJHEIRE 1% (structural magnetic resonance imaging) ; PD
BD: BARAE (bipolar disorder) ;

(Agoraphobia); HC: {#EEXTHEZL (healthy control);

HBAE  (major depressive disorder) ;
LOOCV: B —¥:a8 WIHRIE (leave-one-out cross-validation) ; CV
cross-validation) ;

validation) .

3.2.1 JETFSMRIF BT A ¥)24hn

H AT A S5 4T XURS: PR 2 A S Y 5 i X 43
RN, GFERIE . POeErE  FodE e, i
B UL EMRAZ A, G A AU AL il i o
iR

Folandross %5 "2/ i 1K JL 26 251 F 19 12 )2 &
JFEAE R PO A AR ARG O 2R, itk
HATTE R 33 44 A SRR SE IR 9 75 A AE S T
WIS AEMBETT, 8 SVM R it B2 5548 1 1z
J2 TR T BN 1] S b X 430 ok & AR I ABIE IR (1) 7
AR SR AT T R AR 04 (AR .l 28 L0

SVM: SZ ¢ #Hl (support vector machine) ;
: X EGETE (cross validation)
5-fold CV: 5#r3¢ X% iF (five-fold cross-validation) ;

. IRLEESG (panic disorder); AG: ) 3ZRYMAE
UD: HAH4ER (unipolar disorder); MDD: ]
GPC: it #4335 (gaussian process classifiers) ;
10-fold CV: 104722 ik (10-fold
B k38 WRIE (

“leave 2 out” CV: “leave 2 out” cross-

IEPERG e getbfl, HOBIAUER 20 70%, FFk&
IR M0 PN 00 A 0 M i 2 L S i 5 o J 44
TS PARIE 5 BRAEA G X458 S A S A
B0 g B, nl R AR R B T S ) A G
Hajek 55 ) #1351 45 4 BP SGiE & (1 2% J& 1y BP
(1) 5 I N REIFBC LA 45 24 R B VR DX B, 430042
Bt i sSMRI H B9 8RR SR BV S 43 2 o
FEik LR A SVM AL GPCAE oy 25k, 4hiR %
HH R b 20 25 7 YR W HE B BE AR BL (SVM: 68.9%;
GPC: 65.6%), H-r 5Tk A0y X S 45 & i F
2O 7L o N R S T W O NS W i o e 2 D e D 0
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YIERANE . B ITRE AT 25 018 3 s HE o
55 RIS A G 4 i 8 A8 Ak, 5 35 B TS o A 1 A
fi%, 5 Hajek ARG AFFEXT T BD 2 B BE (1 532K
R A i IR T 70% 1T

T sSMRIAE 157 A= ) 7 i ) 35 3 77 52
Fera AL R REIE AN 5 | RAE Ak XR TR iR
SRR, PR SCHIFTE CRE ok B Tl R, ok
AT — > T EE T [v1] 2 ) W 3 R JS 254 1) S
U EOR R RGN B
322 ETMRIFHE; AP hrl)

AR Z2 WF 5% He T8 AR &5 f& N HEAE R SO i 45
WL PN R R T Bl Y SR R 2
(regional homogeneity, ReHo) % ' FIAT 55 Ik
AT EGE AR L EE R AR AT A 2
T PR S B AR A R b ) A2 R, K
VE R TN ARAE 1 LR 1 A hr S A et — AP ik

Ma 5§ i F esfMRI A 19 24 [0 F F0AR Y =5
FE RN 18 A A8 NHE H & 15 3l ReHo 19724k, i
it ROC [t 4k Fl Fisher i& 20 H 5 53 8, 43 5 3FAk
ReHo $8 40078 X 73 o 15 A 5 i Fie AR ) St A
Festh . 4R s, el Em . 240
MR 2 RS RO 85 2R $2IY ReHo,
7T XU G £ 1A 5 S AT A5U - Y ReHo B g, F300
WEREE R 91.9%. BRIZWTFTSL, ReHo AU HEIC £
BRI HTVF 22 0 20K plp i i o =, i A
A R EMETRE IR A B TRATREA SR Z
H B R AR KNGS Bl WARIE B VR T 5 R M
(agoraphobia, AG) MYJfEAEM &4 ™, R
PLas TR B AG B I A AMARAE IR
(¥ 71, Lueken 4§ ™ B 59 9] AG (& (IPARSL
RS E 26 1) AEAHORIEAT IMRISAR , (IR
BLR RAEEE 53 28 A AE B — 130 SR IERESE rh Pt
AR . I L AMARAE 7 TEAL B2 42455 P b fii
DA S AR, DA AMUETA AR o L D
BEAE g BUMSE DR, R 73%. s 2 iy HEs 1
BARAHEN TR, {H Lueken 55 (1) & I HE /R R
17, BB AIEREGI AT S 2R MR 2 ST R 2
WHORMR AT, WM FEOR R ES S0 = ok .

BT, BT e i B bs St L —
ASEE IR, RIFRATITCHE 0 ) B 1 fii DX e i
W2 I BUAE 5 WA RIDARAE h . S5 8k, STkt
WFFERIE R T AR LE BRSSP AE R
K A] DL — 2P [ S8 — i X TG a1 i 52 e gtk H:
FGE S .

3.2.3 BT DTIR TR AW brak )

ki P ST A S 1 i X 5 A D R A i
AT LA B TR RE & A2 & 1) 5 38 A BRAIL ] . Jia
45 5 FMHIDTIESE 52 7l MDD i (Herb 36 47
H AR ZE SR ) W 4 1 7 % (fractional
anisotropy, FA) 5 HRZMEMCE, MATAHN
AN A FA BRAR S B8 1Y A R A 0C,  HoAth
5T 5 LR A I ACRE AR 1 2846 5 FA AR AR Lt ¢
R AR TAER T R BASIBFFE A BRG] 5 5, fe
T 2R FIBILAS 27 2T B A VR 0 R o i sl 0T Y
518 DTHE bR X AR
3.24 WP EYE AR B NG,

HAIRATHNEIE (R2) LB, BAT B
PrE RN I EAE AR IR A
At BEI . Wb A 5i2W A Y e sk
FApL, BRFTHTE S & A % ey T B A R
(53 FNE . AH EL T2 WA SO K IR yT A=
Yirebrisyy, TR R e s AR b T w20
RN B H AT T 250/20 RE 1Y B AL S MR i i
RS AN, AlRE S FIAE Y s B U N R
WG ENA R, A ZENEAGY TIRE AT
WU & B 1 AR 5 A4 T 4544 MRI B F
LR, TIie MRI YT 45 R 04 B Fak plidtal
HEh, TR R E T bR AR e S
JRAG B, AT LAA T e AT A (E A AR
33 BT EMEREY

BT IS AT BE IR YT AE W hm s Al LU
WX FRIT RO O, TS BB A i
FEBEARRYT BN R E W A g
BEE ) LGB A S AR AN AR 4 R 25 7R
RIEGIRIT VA B FERR & B L SR, TN
IR SE 5 0 H TG IR Z 1, T 2 fd L s 2=
SRR 12 B8 B R R 56 UE LTI 6 I N ) I A
P (33) .
3.3.1  SETsMRIFIRITAEYFhri

H AT ST A R AT [ 8 Sy 32 0 K o 2%
Ji 5 BAEIRIT RIVA OC P Costafreda 55 7 73]
WM 18 ML 2 25WNRYT (9 W GRf/ JCR) 1244
2 INHITT BT 1L (cognitive behavioural therapy,
CBT) ME#H (6 B/ IR, Wit Jr 2 08T
(analysis of variance, ANOVA) X} H sMRI %4} i
TSRS, LLUIZE SVM. I RS IR 2% ffe 58 -1 £
BRI MRG0 ] A [ R RS (A
JRIS R BE sy, DAIEOR Tl 28 35 X 25 6T RO
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LR HERTYE N 88.9% , Xt CBT W T BE J1 #45% .
H T IARAE fB 3 OS5 A B A b T b i Ao R R ™.
B, (33T sMRI B 45H) 55 % CBT Hiil fig S A

L AT RO 3 MR S 5 e Y EMIR T PRTGOR 3t —

Table 3 Studies of prognosis biomarkers for depression based on psychoradiology and machine learning

£ 3 ETHEMBSGINSRZINNEERTENERSOARICE

ZHEGRL RN PR 7 S YA A SRR REAE R X HER /%
Schnyer et al., MDD HC=25,MDD=25 DTI SVM  LOOCV o dmrEl BEARAR . B 74.00
2017 AR R
Guo et al., MDD HC=28,MDD=38 rsfMRI SVM A MESRAlml, i E, Fik. &EL 97.54
2017 L ISR b
Redlich et al., MDD  HC=21,ECT5#ifi%; sMRI, SVM, LOOCV & F4ns[al 78.30
2016 WA IR YT =23, 140 rstMRISDTI  GPC

A 25H0iR T 2H=23
Wade et al., MDD HC=33,MDD=53 SMRI SVM  LOOCV REiRtx. &wHERE MM 89.00
2016
Patel et al., LLD #Z#HC=35,LLD=33 SMRL,rsfMRI ~ SVM  LOOCV  #WMIFTAH- Fiarm ., . 3 89.47
2015 5DTI W f
van Waarde MDD  MDDiAYT 4% f#=25, fMRI SVM  LOOCV  154MUFAH: . HEAUH MG HaE 84.50
etal., 2015 MDDR¥T R Zfi#=20
Liu et al., MDD HC=17,MDDi&J7 A% sMRI, rstMRI ~ SVM  LOOCV A, e [E. srdndsmE. F 82.90
2012 fif#=18, MDDIAJT Zififf= 5DTI SR G b BRGSO [E

17 Ly S Ny N E N S |
Gong et al., MDD HC=23,TRD=23, sMRI SVM  LOOCV %l k[, ZirtE, £ Rl js  58.70~
2011 JETRD=23 [l Fp e, Tk EL gL A 84.60

ENE 7SN E NN
Mouraomiranda MDD HC=19,MDD=19 fMRI (I # % SVM  LOOCV  #ird[al, &R IE. Al el BLa7  63.00~
etal., 2011 TERAES) ML TURZ AR, SirbEl, fbEl. 65.50
i &

Nouretdinov UD  HC=19,UD=19 fMRICIE G715 SVM  LOOCV  wifnai(ml, J4nisEl, AEZn: 83.30
etal., 2011 Lo PAES)
Costafreda eral., MDD HC=37,MDD=37 SMRI, rsfM- SVM  LOOCV  HEZM-. Zirt e, Fr4narlEl. /540 88.90
2009 RI, DTI WL BRI Y 5 [E
Marquand e al., UD HC=20, UD=20 fMRIC 13k T SVM  LOOCV  #i L. & E. frfnarE. #ilk  69.00
2008 YEiCAZAE 55 I 57 S TN - N TN .8 1

el

fMRI: ) fig @ 3L 37 A 4% (functional magnetic resonance imaging) ; rsfMRI: & B &5 ) AE # T % i 1% (resting-state functional magnetic
resonance imaging) ; sMRI: %54 ## 4R 5 f% (structural magnetic resonance imaging) ; DTI: #RHUIK & A% (diffusion tensor imaging) ;
TRD: MEVEPEIIARAE (treatment-refractory depression); PD: {5iRLpEAS (panic disorder); AG: J 3724WMiE (agoraphobia); HC: fatEEXIE
2 (healthy control) ; BD: BEABAE (bipolar disorder) ; UD: HLAHAIAB (unipolar disorder) ; MDD: & B I il i (major depressive
disorder) ; GAD: )7 32 1 £ J& i % (generalized anxiety disorder) ; LLD: 3 4l A8 (late-life depression) ; ECT: Hi {K 3@ J7 3%
(electroconvulsive therapy); SVM: SZF§[a] S HL (support vector machine) ; GPC: =it #2432% (gaussian process classifiers) ; LOOCV:

B — 128 IS UE  (leave-one-out cross-validation) ; CV:

A XA (cross validation) ;

10-fold CV: 10472 X5 E (10-fold cross-

validation) ; 5-fold CV: 54738 XHHIE (five-fold cross-validation); “leave 2 out” CV: A 338 XIHiE ( “leave 2 out” cross-validation) .
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Nouretdinov 5 % | H 1F JE 48 # fit W #%
(transductive conformal predictor, TCP) 1E NHL#%
22 TR PO AR R 7RISR SIS, Rk
PR P 5 88 B B4 N B T 23 B IR YT I R AR A e
AR . TCP R TR 27 53 R DL si AE T E A TRT LA
i S A T AR AR B, DAY B FRA TR REAIL
o 2 SEBR N e B AURS: . Gong & Y Ik
BAT 61 £ IVHRIE 8 1 42 BB, R
P SVM G AT VAT T R SMRUSE (0 F 5 (i, &80
BT RR A Sl 1 S 26T ROV R RE ST, .
BES 3N n K BT (BT e 65.22%; KR
69.57%), FHorbAy gl A0S h g N Ry
AT (] g AR 0 i R A X e s R K
JERI A 5% B TR RS T 2 S b 8 AT fiil s
RETT, MR SSRGS AR T 25 R Y7 O At 1
WA .

3.32 T MMRIFGITAEY P ARED

AT IE R AR, TARAE B A BRI fL
N AT 55 I 4 I oS B X S SR B B B 2
L leeesl A S |, Mourdo-Miranda %5 iE
ST BN IR IS B s 2 S8 i B, Bl
BRI A 19 583, R IR RS B2 SCHF ) L
(one class support vector machine, OC-SVM) '*/ 2%
B BRI 5 3 A 5 125 58 UG H: EMRT SE AR 85 8
W53 IR, B B %0 S ) S T
NG5 XTI R RO, T A
65.5% (FURRRE: 79%, Rl 52%) . i X—W5%
TR P B IR I R 7E F OC-SVM AR B 4 S iR
SIFERMEERIIRE ST, X — AR LA AR~ A ki
BOE B S IE R B R 2, 2T ORI
8 AT DL 3 —HE B O i SCAS [ 922 5 1) K ki 17 50
B

Marquand 55 "' $EE S 5 9 7] 36 97 WF 55 11 20
] 8 E 2 RO 55 T AT T RE R R AR
i, g FEN S o AT R A T T2k
SVM, fe 2 BT 0T R0 s34 4 s R4 1)
AR, HERR R 67% (U : 56%, Fi5
FE: 78%) X —& D EE TR SRS T
A7 LA DI REIE 2 SR T7 ROVAR C R E 2

AR T TR 07 T AL AN 75 14T 55 1 IMRI S
TE 12 W A W) 2 b 38 W i 52 T I ORI DR
Jig oo [RSEIRIT A YRR AR Y B RTGR R T
it X, AR TG RAT 5 B AR P T v A AT
FELE AL | X B — 5T 2 T A A A A AT A [ A

Patel 4§ "% SR I ZBS MRS Tk, DA m 1)
YRR T B IR YT RO
3.33 B TDTURIRIT AWk

R T ik DX JRT 4 i ) 4% 174 Z2 182 25 MIRT (74
AT DL G M T30 ()35 97 SR . Patel 55 18 ZEXT 33 4]
AR IARAE B T Z RS A S (FLAIR,
DTI. rsfMRIZ), FIHk AR EM% (anterior
salience network, aSN) [ DTIZ4E08 (track) %%
T AT ) BRI X 2% (dorsal default mode network,
dDMN) {1 rsfMRI JJ RE i H2 1 45 B0t i 58 B e 3
RIREHY . BE T2, At fi] % 3 aSN FI dDMN [X 5§,
FRSEEEPE AR (RMZ XIS a5 4 /) LI
dDMN Ty il 388 P T AIG 8) AAEEAT WT BB BLRIR YT R
N PR, B AR %k 89.47%. XM FRAN R
T 2SRRI R ey Emae Sy, i H S UE T
— Bl LU AL S8 SVM 127 ) O ii—— B A A
FRIESEBERE 1 PSR 52 B A o] 5 e 4
AR S P ARG R, A B T R BTG
AL S (I A
334 RIS NG

IR  (R3) &8, BA N
TRIT RN A A A X 32 B AR rh AR I L g (el
TUFZeAml, girbim . gerhial . g m, & WA,
HrpEAEERE, BT Fmi UM USUR2 8
T A bm iy, A RIRIT A 2R S R
S, FRBABEAT AT R ARIE WA P2
PRy vh E S p s 0 R X . S 2 R S A
EhREYINFR R, S 250 MRIAE R 0 i
ST SN A Fhn S IS, B2 Ty AR A4 v 1) P
HERRME . D PEIRIR YT 7 BT EE LG B Ao 3 s i v
B, 2R3 sMRI A EMRI 254 19 52 15 8006 H T
[F]—2& SVM J7 7 ] B2 FE MVAISAE r 52 90 58 5 19 13
JRHERPE .
4 BETREZINEHREREREWZIR
SR E

41 REFIEBWERETUENZRSUHR
H B R

AR, RSN T U AARIEIR
IIREMISCA R 545 FAE 27 T FI AR Y U
TRFREL . BRI — ORI AR U
Ab T W06 B BE, H AR RS B R 0T [
JE T BRI RE T SRS R B2 W 2
ZunRh TAGERGR (R4)  METHLEG S
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A, BREEE R T R R R R A, S
A RETE SR T R ROAS Bl A LR )2 bR R 5 T
WS HRAYE R . S HLAR 2% 2T BB R MR I
PRI FHARZRARL, I PR 2 ~J Bk & sMRI, fMRI,
DTI % (1 BIF52 [R] B T 5 B S0 7> 7 K
W LR PRIG YT SR TN 0 33 =07 TR AR
TR LY #hrEd) .

TERBE A OB SR 0 S, B 8 A
Z AR IR/ . N T LM% (artificial
neural network, ANN) 7E{d ] MR ZUHE (19805 49
FEARGAT 7 ANN b B 5 R M A 428 5 fih 11 45
FXHE BAC R R, ARl a7 5 5 A
BRI S 245, SEL T SR A2 AR
AF 2k M ¢ & ) 51 Y | Deshpande 45 %) )\ ADHD-
200 T3 v e B 744 {91 fidt HiE JL 25 R 433 9] 22 B AE 6
JL (attention deficit hyperactivity disorder, ADHD)
YERWIFEN G, TP 7 i m gk N T2 4%
L #Y (fully connected cascade artificial neural
network, FCC ANN) H] T 178 i tMRI 2048 77
J¢ . HAE ADHD WAL [H] 73 JEMER R 158 95%, I
FE T ADHD A2 1455 B BAF LA . A 0 HIE 451
L/ DN DX 2 [ 7 322 30 P D 2 e BB 1 5325
FRIE ™. 5 SYVMAA L, 1ZEERIEIR T s KA 55
25HE 71, [FIAf Deshpande 2534 42 Hi 7 ADHD W IA
] W £ A A 3 SR AT B T 3045 0 e (R A 5 A%
Ui 2 ) AMA MR THRER R 50k, 455
L E LA R DL 22 DNN 28 13X — Jag BR 1
AT SVM FIHAAZ G RSB 1 B 5 Ay 7326
PEBE . Kim 55 0 23 510 A T 50 51K #ilt o 2L 9E
(schizophrenia, SZ) 35 150 il fdFE A JF 3545 T
AT EMRIEHE , H HH TUIZREE L1 {EEGE L
() DNN B8 53 2800 45 % Oy 142% (SVM:
22.3%) AHEZTFIEHR AN, SCHEHM/NKAEZET
DI Dy BRI et B SRR 7 . Berman 45 1 Y AF
FEAMIRI, TVAREE 2 LA S5 D Re i e O FRAiE
ARPREABE , [RIAEIE 5T DNN 7P 2R 45

TREE 27 2] 5 B Ao sl i E b, (HHE
I Y T A M 3 v TR G AIL g A T
¥ 1R CNNs SEAR N JH 4 17 2 VEAE LR 3 )
SR T HE) T . Choi %5 ™5 40 A 139 44 Bl /R 9%
R B L 171 24 BRBE AR BT 5 1 182 47 i B
N, JFR B CNNs I T 1 Jibn 10 19 286 42
% B (“F-fluorodeoxyglucose, FDG) PET ¥ 1%,
I A MR & il U 52 B2 DA 161 % (mild cognitive

impairment, MCI) G835 il 5 & Ji& Sy B IR oK it R s
AT R, SR 0 5 R 1Y HfE A 32 R 84%. CNNs
AT LAY E 7 B D8 1 TR R R, RG22
BAF BT AR KRB 4 S B a4 ¢ . Hazlett
8 R BB LR R Rz J2 AR 22 B AR K AT DAAE
A H HIGE  (autistic disorder, ASD) FHiZ2 Wiy 4=
YirEbrd, AT T 6~12 A 1 106 Bl 5% = K
WS F1 42 AR XURS A 22 L, JF &t T — R T
CNNS B9, FIFH 2R LA Rz 2 TR 0 A o 24
N AR 4K E ASD, K13 T 81% i B M A
88% My Mk, RLL 5 R B2 Wi ASD B9 22 LA
¢ o 1 NS B0 1 I Ty o TR O = ST 9
. Fi4h, Hazlett % 7 A H Fr L m KU A
A8 TN AT e 25 R R v, T2 LAY 2K
P iz N E 3 AR ARAS . B RTIR B2 2 45 G s
R0 697 R v iU A gE R —p, (HEAEAE
FEA G/ (7041]) . S/DIEN{E (regularization)
R LG E SRR, SRR LEN RN
57%, KT SVM ™, IZWFS A7 7 1 5 b mT B
ST IR S KRR T, WA TR R

SRS, 38 A A A SRR Hh 2 B
AR, TREE 2% 2 e — AR E A RS TS ph
Jg R HLEE A T 70 SR, 3 — Ty ik i R
TIVRBIE ARG fif SR A T 0el, ] R T DX fi
RT3 TE T 3o . HABBEGE B X T 5 AR AE 2
LAY A G FR D RE 4 e s, M FRAT TR T30
AR, YT IMRUZ VL B i E g ik,
FEREAC I RS IE LT, AT LA SE N H T DNN Al
CNNs/r2edit .
42 REZIHENS T HIBRAE KT 5T IR

AT, (RS > o Hr i ARSE B s A5 5
AL, B2 PR A 2 BESIR G R  )
HEZRZEA 3T S0 MG AR S5 B s I EL A 41
HRAE T G2 I 5594 (% 4) . Acharya 55 ™ FI H]
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Table 4 The application of deep learning in studies of prognosis biomarkers for mental illness including depression

R4 REFIENBESHBHRERZIRSOFARTHRINA

ZEH R [/SLELES PR & Hp A mizg AL 2E/%
Choi & Jin, AD HC=182,AD=139,MCI=171 PET [fal. ik, j5H1  CNNs 84.00
2018 i 0] (P F DGR & ]

Islam & AD AD=416 sMRI CNNs 73.75
Zhang, 2017
Suketal, AD HC=31,SC=31 rsfMRI DAE 72.58~
2016 81.08
Suk et al.,  AD/MCI HC=52,AD=51,MCI=99 sMRI [GM#&FR] 5 MTL 90.27
2016 PET, 3FCSFhzdd):

AP42. t-tau. p-tau
Hanetal, ADHD, AD NG fMRI HCSAE  65.00~
2015 80.00
Deshpande ADHD HC=744 ADHD(NEZ D= 173, rsfMRI FCCANN  90.00~
etal., 2017 ADHD (R4 #1)=260 95.00
Kuang &  ADHD HC=95,SC=115 rstMRI DBN 48.90~
He, 2015 72.70
Hazlett ASD HC=117, ASDmi[K:2H=248, ASD =70 sMRI [£ifAfl: GM+  DAN 94.00
etal.,2017 WM. CSF. Kfisi. /M

v == 1
Heinsfeld ASD HC=530, SC=505 rsfMRI DNN 70.00
etal,2018
Acharya MDD HC=15, MDD=15 EEG CNNs 95.49
etal,2018
Linetal, MDD MDD=455 ARG RAT A Es MFNNs 80.60

2018
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SR S LTLES FEARZ & LieEit] *iiq HERIE /%
Orabi et al, MDD,PTSD HC=572, MDD= 327, PTSD=246 B U &N €] CNNs 87.90
2018
Geraci MDD MDD=366 {F1EILi=735, AAFTEILN=126) EMRs%#t NLP, 70.37
etal., 2017 DNN
Tran & FEIE HDAE BB . 986K 1 AT 3 (ADHD 41%, £5/£68%, I3 S S AR DNN 63.14
Kavuluru, — ADHDZ 1 1FE i BD 33%, HiR27%, #FEEF31%, HE15527%,
2017 M OCD/OCSD 34%, {2k b5l547%, FEHiHL25%,

PTSD 38%)

Kimetal, SC HC=50,SC=50 rsfMRI DNN 85.80
2016
Pinaya sc HC=83,SC=143, I &K SC=32 SMRI [GMJZ i A DBN 73.60
etal., 2016
Ulloaetal., SC HC=191,SC=198 SMRI [GM #4#1] MLP 75.00
2015

PET: 1EH T & S MITANWIZE B1% (positron emission computed tomography) ; fMRI: I HEME IR LS (functional magnetic resonance
imaging) ; rsfMRI: B &SI HE 0L LR % (resting-state functional magnetic resonance imaging) ; sMRI: 454 % 3L 9% i 1% (structural
magnetic resonance imaging); EEG: fisiHi[&] (electroencephalogram); SNPs: FRTIRZ AV (single nucleotide polymorphisms); EMRs:
L FEEJ7icsE (electronic medical records); AD: FI/RIKIEEESE (Alzheimer's disease); MCI: %2/ ARG (mild cognitive impairment) ;
ADHD: £ #hjiE (attention deficit hyperactivity disorder) ; ASD: H M4 (autistic-spectrum disorder) ; PTSD: £ {ji J5 I i %1% (post-
traumatic stress disorder) ; SC: A5 #l 23 24 F (schizophrenia) ; OCD: 5f: ji1 & i (obsessive compulsive disorders) ; OCSD: 5 jf1 5if
(obsessive compulsive spectrum disorder) ; BD: M AHREEAG (bipolar disorder) ; CNNs: IREHBFIFFLZL ML (convolutional neural networks) ;
DAE: M [ 345 (denoising autoencoders); DAN: VR [ Zh4ulh 4% (deep autoencoder networks); HCSAE: & BUREL H 24wt
#% (hierarchical convolutional sparse auto-encoder); FCC ANN: 4B A\ THIZ /2% (fully connected cascade artificial neural network ) ;
DBN: {REE 545 (deep belief network) ; DNN: PREEHIZ W44 (Deep Neural Network) ; DTL: ¥R fk*#>] (deep transformation
learning) ; MFNNs: ZZAiHZM% (multilayer feedforward neural networks); MLP: ZJZEHI%% (multilayer perceptron); MTL: ZAT:
%%>) (multi-task learning); NLP: H#K1E S ALFE (natural language processing); GM: MKFUAFL (gray matter); WM: FIBUAF (white
matter); CSF: [REBIARF (cerebrospinal fluid) .
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Abstract Depression is one of the most complex psychiatric diseases that cause the most serious harm in today's
society. Searching for objective biomarkers of depression has always been the focus and difficulty of psychiatric
research and clinical practice. Numerous studies have shown that magnetic resonance imaging (MRI) combined
with artificial intelligence technology might be currently the most likely biologic marker to find breakthroughly in
mental illness such as depression. However, the current potential objective biomarkers of depression based on
psychiatric imaging have not been consistently concluded. From the perspective of combining psychoradiology
with artificial intelligence technology represented by machine learning (ML) and deep learning (DL), this paper
summarizes and analyses the related studies on depression from three components of the clinical practice
including disease diagnosis, prevention and treatment for the first time. We found that a.the brain areas with
diagnostic value are mainly concentrated in: precuneus, cingulate gyrus, inferior parietal lobule, insula , thalamus
and hippocampus; b. the brain regions with preventive value are mainly concentrated in: precuneus, central
posterior gyrus, dorsolateral prefrontal cortex, orbitofrontal cortex, middle temporal gyri; c.brain regions with
predictive therapeutic response are mainly concentrated in: precuneus, cingulate gyrus, inferior parietal lobule,
middle frontal gyrus, middle occipital gyrus, lingual gyrus. Future research can be improved by enlarging the
sample size through multi-center collaboration and data transformation, and at the same time non-imaging data
can be applied to data mining, which will help to improve the classification accuracy of artificial intelligence
models, and provide scientific evidence and reference for the studies on exploring psychoradiological objective
biomarkers for depression and its clinical application.

Key words major depression disorder, brain imaging, psychoradiology, artificial intelligence, machine learning,
deep learning, biological marker
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