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Abstract
niques. Imaging genetics, an interdisciplinary field, aims to evaluate and characterize genetic variants in individuals that

The past decade has witnessed the increasing development of multimodal neuroimaging and genomic tech-

influence phenotypic measures derived from structural and functional brain images. This strategy is able to reveal the
complex mechanisms via macroscopic intermediates from genetic level to cognition and psychiatric disorders in humans.
On the other hand, statistical learning methods, as a powerful tool in the data-driven based association study, can make
full use of priori-knowledge (inter correlated structure information among imaging and genetic data) for correlation mod-
elling. Therefore, the association study can address the correlations between risk gene and brain structure or function, so
as to help explore a better mechanistic understanding of behaviors or disordered brain functions. This paper firstly re-
views the related background and fundamental work in imaging genetics and then shows the univariate statistical learning
approaches for correlation analysis. Subsequently, it summarizes the main idea and modeling in gene-imaging association

studies based on multivariate statistical learning. Finally, this paper presents some prospects of future work.
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5o DNA JPo 2480, £ e B bkt
TAMER AR R, R, BFUE K2 % 8K SNP
VB g SRR AT I 26 DRI B KAl . A P R P i SR I
W9 K2 KW m R )iz A8 H ) MR i 515 £k
P EAT 3B sMIRT Ay 8 48 K 445 460 2 2 B A5
BOR, Refg AT IE A (WK AR 1R 7
fMRI A A MK U D) BE G B, Toil s B2
W JEATS5 A, HRENS SMAN R X RO AR L, AT
FAEWTR IS E R BT ARSI SIREAR, H
B AR AL 2 E 2O R R SNP S ik 4k . D fg
HERE ORI AT AR SCATF 7 7100,

LI 52 B a0 A 2 PRAR B R I Ge T o B 7
%, Rl 2 ke, Il SNP sl BE R B 2 R0k
93 B AT I ) A PR (Quantitative trait, QT) 1
KRR T, AR A G 5T (Genome-
wide association study, GWAS) 1F & F| H 43 A
A e 0 R R, I 20 S ) B e A
A S BEAT 2 A, IR AR Gt e AR B
(K77 95, e 440t th G W M SNPIL A
2005 4 Science AR — A AR AH R
WY B BE AR P (A ge-Telated macular degeneration)
GWAS W70 32l BLK, 1277 v AR 4 T A0 RS o e
WA AT I8 GWAS FEAR IS AL 2 (A 90 R 3%
THCOREIER], B A7 AE — 28 ), Lo, ™k i)
ZHEIE, EFVF 2 00N RN AR S o ikl AR
KA R, GWAS AN BE A 2135 4% A48 S R PER 22
() PR AN R IR AR, JE AN REAR 4 M A R HL v (10 52
B

T AE R, BEAR GE vt o 2 A8 2 R BRI Tl St
MR, VF 2 A O 28 22 iR T I Ee A o3 i L
AR R A ARSI — 28 ) i@ 17 A 52 AR A 2 )
K M b, MR T ARG b, HE T 2R
WG ) BRI N ] B Tz, A I B
TARW HAW R, EH R L, s T
SEAR AL 27 I AH R T VE SRR SCHR: 1) Medland 45
BN ASE F A% 496 1 5 AR B 0 1 450 2R Ak B KRR AR 4 i
DR — 4 0 5 4% D<K 23 AT 4t T 9 T8 Ik R ) R
Pk, [P T 5T AN [ o Eds A (b
§5 ENIGMA', IMAGEN?, IMAGENMEND? P\ &
ADNI* %5) PRFSE R4 2) Liu 45 3 BT Bk

'http://enigma.ini.usc.edu/
2http://www.imagen-europe.com/
3http://www.imagemend.eu/
4http://adni.loni.usc.edu/

S AT (ICA) S5 HAh 248 B 7 LA se AL 2 i)
AT T IR0 5 45150 3) Thompson S57E45A
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& — B OISt e AT R, il 1 s, o
A0 FE B AR RN 2 AR S AR T E A 2] J7 i AR SCH O
LT S5 AT 22 748 540 By A S B R SRV 4L R
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4. ZEESAE . ZWE RS BRI EIRS L
(R OCIRVE REFN AL MRS s doc ), Aas AL g g rp—4t
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BRI PR AR B 8 U 43 B B L) 9 A T 8K
96 A1 R0 B TEAT B2 IR AR R OTARL SR (Pearson’s chi-
squared test) 1F Ky S A7 FE PRI 7 v, RIIE I 447
B PhITRE Y — 295 AR — 2 15 3 6] 38 (A I A
AT i Z T2 AT G h 22 e R AR AL R AT A2 B
JR SRR IR, JE T AR R G v I R A — 5 AR O
AT AT LA 26 [P (Linear regression) FlJy 7%
53T (Analysis of variance) 15 YA 4y 55 A7 5 R 1Y)
IR AT 70T 2 R AR B B S R RS AE
YR p, ABRFAEYERC ) g, WIFE LS p x ¢ 4>
LVERIHBA (y; = Birxr), WA p x g MF
¥ (null hypotheses Hy : 3;; = 0), fJaXl p 1H
(p-value) BEATHEFF. B, — NS M TAEZ
K B 2009 4 Potkin A5 7E ] 5 %] AL AN AR R I
B EHAT AR 4 GWAS SREEHT, SNPSXT i [X.
€ SR IL sme n] DR ek T X g MR R T
A AR R I AL L 500 12 W A DR 4t 3R] Ay
i, Kk r:

bs - gender + by - age + b5 - diagnosis+
bs - SNP x diagnosis + € (1)

b, Y RoRma BBt mixm QT, b &on%
AN Z 4L, SNP X diagnosis R/ AH ARG R,
BRI T3 201 B35 p (RN SNP 5 QT AR
g R0sl,

T B AR B RE DN — IS AB ORI I, BRAT TR 3l
BFF 5 ) J5E 00 RASE, e D A b A ) g RUBED L 7 B
PUZ T RLHG 1) ik BB /SNPRO=281 0 2) A1)
Ty HE i 1 e/ g 21247261 3) 4 ik P £ 118, 27300,
FHONE B AE i 52 R 2 T AR 1) A I % R X
ﬁ[18,20,24,27]’ 2) @Q%&@%@EE{JEE@,[QLQ5,28]’
3) A figl22 728, 26:297501 G i 2 ik gk B K £ SNP
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PR L PR - P AR
Univariate genetic-univariate
imaging analysis

AR SR A S T i
Univariate statistical learning methods

Jons e - AR
Case-control study-
qualitative trait

FJ7K B Chi-square test
T ) Logistic regression

y

LU NS SR RN
Population based study-
quantitative trait

_| 7 %4HT Analysis of variance
£l Linear regression

2 AR LA 0] U AR AR
Multivariate genetic-univariate
imaging regression

(2 L) S AR i 2 k[ )

(Multi-genetic) Structured sparse linear regression

Z A AR I ) A A S R
Multivariate imaging-univariate
genetic regression

(1 / A AR T 24155 [ )

(Longitudinal/Multimodal imaging) Sparse multi-task regression

AR IR 2 IR A
Association analysis in imaging genetics

2 e N MIEEZS 8 21
Multivariate genetic-multivariate
imaging regression

LAYV 2 ik

il Z AT 45 1])4 Sparse multi-genctic mult-task regression

TR Sparse low rank regression

Multivariate statistical learning methods

EZa e PNV E RS 2
Multivariate genetic-multivariate
imaging correlation

SR AR B M B AT SC 23 B

Structured sparse canonical correlation analysis

5 F A 7 i do /s — e )

Structured sparse partial least squares regression

Bl 1 T gevha o R 2RI BTk 585 75

Fig.1 Association analysis in imaging genetics based on statistical learning
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GO 7E AR L AR OCHR AT ST, A7 et
R COLRAT T ARG 8, W Plink®B4,

GWAS B gilfrE\ Ea idse BT
A SNP Rk BLE i R A OCHE. RE T LARI A
Bonferroni £ 1F ™ k% dth s i i 35 pEB5 301 (0 2 IX
b SR 2 5 B0UF 22 B0/ N RO TR AR S e vl I AR 1 7K
S, M 2 AN IXFE BN BN AR AT R] R SR RAE
AT PR = A2 3 K I 5. AR 5 43 AT 5 VA AE 32
Bt AL 25 i N B AT B B R 1, REAS 1
P ARSI Y RS SNP 5 AN QT 2 1) i) SR Bt
FERE, HEh T 5500 A o 1 s 4 e 1 T 3 B AR K H
BN 2 I R AT A G v 2 A LA W
1M H FR AT I 7 VA T — AN 1R s, R PR A7
B SRR IEAS 2 (AR ST T, T 2 T
AP 2 AR OCHEIX — BB R PR, i AR
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Shttp://pngu.mgh.harvard.edu/~purcell/plink/download.shtml
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PCReg) 152K Ml v A g JLER T 14 1) /1, 15 57
SNP [Rl)HAR 45 A FH 32 Bl 2343 M7 (Principle com-
ponent analysis, PCA) 315 & K477 2= 0 AH B 1E
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(Partial F-test). Hibar %f{i{] 5 Stein %57F 2010
AR TR [ £ 2 DTN i 52 A5 K 4, ik SNP
TR A7 TN FE D R 73 4, AR 5 G X 28 03 4 ) 11
SNP 54 Z 0 525347 BN, Se 50 45 R 3R
W, 2073k T EAF R Gtk g, JF s> 174t
AR EL. DRk, S T 38 i R 5 PR ) SR AS il
fieJy, —Hes 3 M SN Sl A ] 2 A8 T vk
fift PR AR d A 27 v 22 TR DR BN 22 67 R RS RN, 1) DR B
] LS 391 AR R T STl 2 X B AR s AL 2E
AR, IR 2 TAE &I KA H b ok A4k
I 50 A S B AR TR0 B A v B DI 1) 3 DR R 52 5
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&4 (Compressed sensing) [ I3k T R
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o T[] S e (451,
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Kohannim 54§ 2% [7])9 (Ridge regression)
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MZET Lasso HRIHAREALTEAL T 42 5L PR 21 5 fig ki
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[f]—A~ LD B 3 sh 2k Jik T 20 A i 1) 4 iE 0G5
PR AL T A iR, SRR —A4 LD A% SNP
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Fig.2 Tree-guided sparse regression model®4
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i J

IbAh, Wang %536 2% [ 5] SNP A7 pt 2 8] (R IEA A
i LD 250K &R, R [|[W|goa 1E NI IEAR Y
AN SNP [ 4l e RIX— 505 8, ALER—A
LD 41+ SNP # [R] i ASm 21), ks =R i

> wy (11)

€L J

K
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S 45 R W IX LSRN 22 A2 B Bk D S5 F R A i = >
AR IR BT 346 H PR S ) T [T 25 BT BN IR iR 22,

Shttp://wwwf.imperial.ac.uk/~gmontana/psrrr.htm
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Ty — PR (Reduced rank regression,
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DN RS € TSL PN IEZ'S 92 T et Il PN
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min Tr(Y" — XBAND(XBAM)T (12)
Horp, BUESEE W e RP & rank(WW) <
min(p, q), BIACE KR FE AT LU e AN Bk 1)
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Fig.6 Sparse reduced rank regression model[?9 60!
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