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High Order Statistics Structured Sparse Algorithm for Image Genetic Association Analysis
RU Feng XU Jin CHANG Qi KAN Dan-hui

(School of Electronic Control,Chang’an University,Xi’an 710064, China)
Abstract The development of neuroimaging technology and molecular genetics has produced a large number of imaging
genetic data, which has greatly promoted the study of complex mental diseases. However, because the dimensions of the
data are too high and the correlation measure is based on the assumption that data obey Gaussian distribution, traditional
algorithms often fail to explain the dependencies between two types of data. In order to solve the shortcomings of tradi-
tional algorithms, this paper proposed a method for correlation analysis of a large number of SNP and {MRI data. This
method guides fused lasso to perform feature selection by constructing a network structure of features,and uses higher-
order statistics to extract statistically significant variables. Thus. biomarkers associated with mental illness are identi-
fied. The experimental results show that the distribution of typical vector values obtained by the algorithm in simulation
data are almost consistent with the real data,and the correlation coefficient obtained is the closest to the correlation co-
efficient in the real dataset. The average correlation coefficient of the proposed algorithm is up to 81 % ., which is about
20% higher than L1-SCCA and about 3% higher than FL-SCCA. Compared with the other two algorithms in real data,
the proposed algorithm can find more genes and brain regions that have potential effects on schizophrenia. The experi-
mental results show that the proposed algorithm can effectively identify risk genes and abnormal brain regions within a

reasonable time.

Keywords Image genetics,Correlation analysis,Sparse representation. Feature selection, Higher-order statistics
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Table 1  Simulation dataset
HEE » g MRAEH
Data; 80 100 120 0.6214
Data, 100 250 600 0.8384
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Data, 100 500 900 0.6542
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Table 2 5-fold cross-validation results on 4 simulated datasets
Datasets/Methods L1-SCCA mean FL-SCCA mean SC-SCCA mean
Data, 0.54 0.62 0.67 0.58 0.60 0.60 0.55 0.57 0.65 0.66 0.66 0.62 0.63 0.67 0.47 0.64 0.65 0.61
Training Data, NAN NAN NAN NAN NAN NAN 0.82 0.80 0.76 0.70 0.83 0.78 0.81 0.81 0.83 0.80 0.79 0.81
Results Data, 0.64 0.61 0.56 0.43 0.69 0.57 0.67 0.64 0.75 0.17 0.71 0.59 0.77 0.76 0.70 0.78 0.75 0.75
Data, 0.32 0.41 0.50 0.47 0.61 0.46 0.66 0.67 0.28 0.43 0.57 0.52 0.64 0.65 0.65 0.65 0.66 0.65
Data, 0.64 0.57 0.36 0.51 0.68 0.55 0.80 0.81 0.42 0.42 0.37 0.56 0.63 0.38 0.62 0.77 0.47 0.57
Testing Data, NAN NAN NAN NAN NAN NAN 0.72 0.83 0.92 0.65 0.40 0.71 0.79 0.81 0.66 0.60 0.55 0.68
Results Data, 0.65 0.53 0.47 0.25 0.54 0.49 0.73 0.45 0.62 0.16 0.79 0.55 0.65 0.76 0.86 0.62 0.79 0.74
Data, 0.47 0.32 0.54 0.43 0.59 0.47 0.54 0.65 0.38 0.47 0.58 0.52 0.70 0.65 0.62 0.62 0.65 0.65
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Table 3 Correlation coefficient results on complete dataset
Methods/DataSets Data, Data, Datay Data, Avg Error
True cc 0.62 0. 84 0.75 0. 65 -
L1-SCCA 0.58 (—0.04) 0.54(—0.30) 0.47(—0.28) 0.52(—0.13) 0.19
FL-SCCA 0.62(0.00) 0.77(—=0.07) 0.64(—0.11) 0.65(0.00) 0.05
SC-SCCA 0.63(+0.01) 0.80(—0.04) 0.75(0.00) 0.65(0.00) 0.01
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Fig. 2 Comparison of correlation coefficients of each method

on each dataset
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Table 4 Correlation coefficient of 5-fold cross-validation of genetic image data
ViR LES - F 3 LKA PRS- S R
L1-SCCA 0.42 0.38 0.40 0.32 0.39 0.40 0.30 0.35 0.41 0.28 0.37 0.34
FL-SCCA 0.36 0.41 0.49 0.29 0.37 0.38 0.19 0.42 0.36 0.38 0.40 0.35
SC-SCCA 0.35 0.40 0.39 0.43 0.38 0.39 0.29 0.42 0.37 0.41 0.38 0.37
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Table 5 Gene obtained by L1-SCCA algorithm
AR & 7 SNP ID W 4 Ft k5
576429 rs12427675 CSNK1A1118] 13
576427 rs1555639 CSNK1A1LM8] 13
341736 rs10156115 C7orf16 7
772704 rs132966 PLA2G6 22
772706 rs132975 PLA2G6 22
1450682 1s7033245 NOTCH1#! 9
84891 rs10183370 B3GNT2 2
307508 rs9452354 EPHA7M8] 6
# 6 FL-SCCA H L3 H
Table 6 Gene obtained by FL.-SCCA algorithm
BAE % 5 SNP ID HE 4 Fe kg

307063 rs1334628 MAP3K7 6
368066 rs12705191 ORC5L 7
235444 rs7705425 PRLR 5
235393 rs4538595 AGXT2018] 5
307101 rs1391506 MAP3K7 6
186132 rs12512830 SLIT2M8] 4
772703 rs4376 PLA2G6 22
368074 rs17586018 CNTNAP2 7
307248 rs958847 MAP3K7 6

T ORITEABIIEE
Table 7 Gene obtained by the proposed method

HFAE % 3 SNP ID E S E A PN
186132 rs12512830 SLIT2M8! 4
772703 rsd376 PLA2G6 22
368988 rs2888583 ZNE76719] 7
368424 rs17824995 CNTNAP2 7
368568 rs4526286 CNTNAP2 7
341733 rs11772988 C7orf16 7
450682 rs7033245 NOTCH18-20] 9
235391 rs7717823 AGXT2M8) 5
307370 rs10455181 MAP3K7 6
235393 rs4538595 AGXT2[18] 5
175426 rs10433485 ST6GALL 3
235399 rs163907 AGXT2M8) 5
175457 rs270144 RPL39L 3
84892 rs6545946 B3GNT2 2
368178 rs6945085 CNTNAP2 7
772696 rs5750542 PLA2G6 22
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Table 8 Brain region associated with SNP

we REORE W4 X4 8
20 30 Insu]aiRDg: i
L1-SCCA 20 14 Frontal_Inf_Tri R ZHBETHE
3 16 Frontal_Inf_Orb_R HE ¥ # T =
FL-SCCA 9 30 Insula_ RS g
5 56 Fusil’ormiR“ﬂ R B
3 85 Temporal_Mid_L-2%- P E
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2 7 FrontaliMidiLm'zﬂ WP E
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3 89 Temporal Inf L% BT
2 38 HippocampusiR:g'zyli b
2 13 FrontalilnLTriiLmi ZABMBETHE
1 37 Hippocampus_L+?" b
1 9 Frontal_Mid_Orb_I HE # # F 1E

28 W T 3 B0 ER kR L 00 AH G i DX B %k G 5,
H 30 SIKIX Insula_R J& 3 FB kIR e £ ik iy, ATLLER
i, L1-SCCA 5 FL-SCCA & Rk £ il TR 2 iy v] RE 47 75
SR AR ORI R T 12 A X, AR XA R A
ZAE F8 1 T B8 R AR A W50 Ak R CRIORS i 3 24 AR
Z I8 FH A 2% 547 T Hippocampus, Frontal, Temporal £ In-
ula fixi it 1, L1-SCCA %8 12 % £ T Insula 1 Frontal i it
FL-SCCA F3k HAEN i T Insula i, Wi A SCHIL &2 R T
Hippocampus, Frontal, Temporal Fl Insula 4 4~ Jixi M- i & , X
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