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The Imaging genetics paradigm. Imaging genetic studies aim at mining robust associations between DNA sequence polymorphisms or gene expression level, and
activity recorded in the brain, e.g. using fMRI techniques, during cognitive tasks. From a statistical perspective, this raises interesting challenges since a large amount
of partly collinear predictors generally entails poor model performance (noisy parameters estimates, overfitting and lack of generalizability). Multivariate methods,
like PLS regression or CCA, have been proposed to cope with such high-dimensional data sets (N ≪ P + Q), with appropriate regularization scheme to overcome
the curse of dimensionality⁽¹³⁴⁾. With PLS, we seek latent (unobserved) variables that account for the maximum of linear information contained in the X block while
allowing us to predict the Y block with minimal error, which would likely remain unseen by single-marker analysis

Aims. (1) Validate the use of sparse PLS regression with univariate feature selection for extracting covarying networks of variables in two-block structure, and (2)
Apply this computational framework to candidate SNPs, BOLD signals, andmeasurement on personality scales.

.Background

..

Simulation setup
We generate a two-block data set with a hierarchical
model, where factor loadings F (P×k) stand for intra-block
correlations with k blocks of varying size, and G (k × 1) re-
flects inter-block correlations. Individuals scores then fol-
low an MVN(0k;Σ), where Σ = F(GG ′)F ′, withN subjects.
We then applied sparse PLS and CCA models proposed by
Lê Cao et al.⁽³⁾ and Parkhomenko et al.⁽⁴⁾ to extract relevant
X features for explaining/summarizing X− Y links.

Test procedure (PLS regression):
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1. Sample train/test individuals (10-fold CV)
2. Select the top p best-ranked X features (F-test)
3. Estimate PLS soft-thresholded loadings, u1 and ν1, on
train s.t. arg max

|uh|=1,|vh|=1
cov(Xh−1uh, Yvh)

4. Correlate u1X and ν1Y (factor scores) on test

Penalization rate applied on u1 and ν1 ranged from 0 to
90%. Other parameters were as follows: N = 90, P = 3000,
k = 4 blocks in X, of size bk ∼ U[10;80] for X, and one Y

block. F loadings were sampled in the range [0.2; 0.8] and
G = [0.1, 0.0, 0.8, 0.0, 0.7] (two blocks in X connected to Y).
For sparse CCA, regularization parameters (λi) were choosed so as to be close to % of pruned
variables in PLS. In both case, we only compute the first canonical correlation.

Results
For PLS, the optimal number of X features and Y responses vectors is close to those used to
generate the data (77 + 4 “true” signals in both blocks), although we might have expected to
find the “best” correlation under the condition 100 features without penalization or with 75%of
them kept in the model. For CCA, λi ranging from 0.05 up to 0.125 yields significant correlation,
as well as stronger penalties with 100 and 500 X features.

Test correlation for PLS Test correlation for CCA
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Significant test correlations at 5% (maxP
computed under re-randomization, and
correcting for the number of Y variables)
are starred in each case. Below is the
contribution of each variable in the
sparse PLS model (250 × 0.75 = 187

features) applied on all N subjects.
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Conclusion
These results suggest that CCA may be less sensitive than PLS regression, although values of
ℓ1 penalization do not match exactly soft-thresholding of PLS loadings used therein. Increas-
ing Signal-to-Noise Ratio, or equivalently the reliability of Y measures, emphasizes the role of
penalization when seeking for robust correlation (data not shown).

.Sparse PLS regression benchmarking

..

Study participants and Data preprocessing
Study sample is composed ofN = 510 healthy subjects (52% female, 14.4± 0.4 y.o.) from the IMAGEN study†, with genetic data acquired on an Illumina QuadChip 660k. We selected 191 SNPs from
17 serotoninergic and dopaminergic genes from HugeNavigator‡ as in Heck et al.⁽²⁾ Only SNPs with MAF ≥ 0.05, call rate ≥ 0.95, in Hardy-Weinberg equilibrium at p > 0.0001, were retained for the
analysis (125 SNPs). We considered scores on the TCI Novelty Seeking (NS) scale, and neuroimaging data on a Stop-Signal Task (No-Go responding contrast, see 1090 MT-PM), as phenotypes.

Results
TheNS scale is composed of four well-correlated (with 0.194 ≤
rBP ≤ 0.765, all p < 0.001) subscales (Excitability, Impulsivity,
Extraversion, and Disorderness), see below.
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• Apply usual SNP-wise analysis vs. PLS on NS traits
• Select the ROIs that best correlate to NS traits
• Regress those ROIs onto the 17 genes
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The PLS view

●●

●

●

●●●●●●●●●●●●●●●●●

●

●●●●●●●●●●●●●●●

●
●●●●●●●●

●

●●●●●●●●●●●●●●●●●

●

●
●

●

●

●

●
●

●●●

●

●●●●●

●

●●●●●●●●●●●●●
●

●

●●
●

●

●

●

●
●

●●●●●●●●●●●
●

●●

●●

●

●

●

●

−0.5

0.0

0.5

rs3790756

rs3758653

rs10891611

●

●

●

●

●
●●●●●●●●●●●●●●●●

●

●●

●

●●●●●●●●●●●●

●

●●●

●●

●●●●●

●

●

●●●●●

●

●●●●●●●●

●

●

●
●

●

●
●

●●●●●●●●

●
●

●
●

●

●●●●●

●

●●

●

●●●●●●●●

●

●

●

●●●●●●●●●●●●●

●●

●●

●

●●●

−0.5

0.0

0.5

rs4912138

rs6356

rs582385

rs12846241rs12690355

Y loadings−6
−4
−2

0
2
4
6

No SNPs survive Bonferroni
or BH correction. The “best”
genes for NS scale score are:
DBH, DRD3, HTR2C, MAOA
(uncorrected p-value below
5%).
Sparse PLS regression of
SNPs × NS traits yields
HTR3A, HTR6, and DRD4 as
best associated to a linear
combination of the four
subscales.
Sparse PLS regression of
ROIs × NS traits yields four
ROIs as best candidates.
Considering the subscale of
Impulsivity instead of the
summated scale score for
NS, gives two additional ROIs
(with loadings > 0.25).

ROI coordinates (MNI): 33 (-48,-4,-38), 34
(-60,-43,28), 53 (30,-13,4), 56 (0,-43,-35)
In the case of PLS, NS scale scores were
first orthogonalizd w.r.t. Centre and
Gender, since GWAS were also adjusted
for those covariates.

The four ROIs selected from sparse PLS were then submitted
to another sparse PLS regression, togetherwith SNPs (N = 389

complete cases). The complete picture for associations unrav-
eled through sparse PLS regression is shown below:

SNPs×NS ROIs×NS SNPs×ROIs

−1.0 −0.5 0.0 0.5 1.0

−
1.

0
−

0.
5

0.
0

0.
5

1.
0

Comp  1

C
om

p 
 2

rs3790756 rs9064

rs167771

rs4975636

rs6869645

rs2617605rs6350

rs1423691
rs1076153

rs2007153rs5320
rs2797853

rs2283123rs2283124

rs77905

rs3758653 rs7125415
rs7131056

rs1176752rs1150226

rs2276302rs10891611
rs10160548rs1176713

rs897685
rs2129575

rs1386496

rs10506645

rs1386497
rs1872824

rs3803189

rs731779rs927544
rs4941573

rs2296973rs2070037rs17289394 rs4142900

rs3794808

rs6354rs8071667

rs909525

rs543229

rs12846241

rs5988087rs11167436

rs4911871

rs4332303

rs10875535

rs1414324

−1.0 −0.5 0.0 0.5 1.0

−
1.

0
−

0.
5

0.
0

0.
5

1.
0

Comp  1

C
om

p 
 2

ROI.1

ROI.8

ROI.12

ROI.13

ROI.24

ROI.33
ROI.34 ROI.37

ROI.44
ROI.51

ROI.53

ROI.56

ROI.60

ROI.66

ROI.71

ROI.75
ROI.89

ROI.90ROI.95

−1.0 −0.5 0.0 0.5 1.0

−
1.

0
−

0.
5

0.
0

0.
5

1.
0

Comp  1

C
om

p 
 2

rs4912138
rs3790756

rs9064
rs2134655
rs27072rs11133767

rs6869645rs464049
rs460000

rs1423691

rs2007153
rs1108581

rs5320
rs2283123rs2283124

rs3758653rs2070762 rs6356

rs2242592

rs2471857

rs4620755rs7125415rs4648318

rs12364283

rs1176752rs1150226

rs2276302

rs10891611rs10160548

rs897685

rs1386496

rs2171363rs7305115

rs10506645

rs1386497

rs9325202

rs1487275rs1386483
rs1872824 rs7333412

rs3803189

rs2296972

rs1928042

rs2770296
rs9316235

rs582385

rs731779

rs4941573

rs3794808

rs2066713
rs165774

rs909525

rs12846241rs12690355rs4911871

Canonical correlations for the first component were assessed
under re-randomization (1000 permutations) for SNPs×NS
traits (N = 443 c.c.) and SNPs×ROIs (N = 389 c.c.) and proved
to be significant (p = 0.001 and p = 0.012, resp.), though in the
latest casewemay be over-optimistic due to prior selection of
ROIs from NS traits.

Conclusion
Sparse PLS regression proves to yield reliable results when combinedwith univariate feature selection. Compared to ℓ1 or ℓ1ℓ2 regression,
it may be more suitable when the Y block included few phenotypes whose linear combinations make sense.

Although we found no evidence of significant association between DA and NT genes and novelty seeking using the traditional GWAS
approach, theHTR6genewas found to be associated to NS traits but also to the ROIs that best correlate to those traits, when using sparse
PLS regression. Further investigations and comparison with whole GWAS analysis need to be carried out in the near future.
This is part of a joint work with Patricia Conrod (Institute of Psychiatry, London) and Hugh Caravan (Trinity College, Dublin).
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