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ABSTRACT

Motivation: A typical genome-wide association study searches for
associations between single nucleotide polymorphisms (SNPs) and
a univariate phenotype. However, there is a growing interest to
investigate associations between genomics data and multivariate
phenotypes, for example in gene expression or metabolomics studies.
A common approach is to perform a univariate test between each
genotype-phenotype pair, and then to apply a stringent significance
cutoff to account for the large number of tests performed. However,
this approach has limited ability to uncover dependencies involving
multiple variables. Another trend in the current genetics is the inve-
stigation of the impact of rare variants on the phenotype, where the
standard methods often fail due to lack of power when the minor allele
is present in only a limited number of individuals.

Results: We propose a new statistical approach based on Bayesian
reduced rank regression to assess the impact of multiple SNPs on
a high-dimensional phenotype. Due to the method’s ability to com-
bine information over multiple SNPs and phenotypes, it is particularly
suitable for detecting associations involving rare variants. We demon-
strate the potential of our method and compare it with alternatives
using the Northern Finland Birth Cohort with 4,702 individuals, for

*to whom correspondence should be addressed

whom genome-wide SNP data along with lipoprotein profiles com-
prising 74 traits are available. We discovered two genes (XRCC4 and
MTHFD2L) without previously reported associations, which replicated
in a combined analysis of two additional cohorts: 2,390 individu-
als from the Cardiovascular Risk in Young Finns study and 3,659
individuals from the FINRISK Study.

Availability and Implementation: R-code freely available for down-
load at http://users.ics.aalto.fi/pemartti/gene_metabolome/.

Contact: samuli.ripatti@helsinki.fi, samuel.kaski@aalto.fi

1 INTRODUCTION

Concentrations of human metabolites are associated with risk of
many common diseases; for example, low- and high-density lipo-
protein cholesterol (LDL, HDL) levels are associated with coronary
artery disease. For this reason, human metabolism has been under
intensive investigation and over the past few years several genome-
wide association studies have successfully uncovered a part of its
genetic basis (Sabatét al, 2008; Teslovichet al, 2010; Suhre

et al, 2011; Kettuneret al, 2012). For example, a large meta-
analysis (Teslovictet al., 2010) identified 95 loci influencing the
levels of total cholesterol, LDL, HDL and triglycerides. More recent
studies utilized finer sub-classifications of metabolites and discove-
red dozens of novel loci (Suhet al, 2011; Kettuneret al., 2012).
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Despite these advances, the variance explained by all reported SNBg assessing associations between SNPs in all human genes, one

falls far below the suggested heritability of the common metaboli-gene at a time, and metabolic profiles comprising fine-scale lipopro-

tes, as estimated either from twin studies (Kettuaeal.,, 2012) or tein measurements for 4,702 individuals from the Northern Finland

from more distantly related individuals (Vattikut al., 2012). This  Birth Cohort 1966 (Rantakallio, 1969; Sabattial., 2008). Among

motivates us to develop new approaches for association testing thtte top-scoring genes without known associations to the traits stu-

could better utilize all information available to us. died, two genesYRCC4andMTHFD2L) replicated in a combined
The present-day cohort studies often come with a rich set of pheanalysis of 2,390 individuals from the Cardiovascular Risk in Young

notypic features. Examples in addition to metabolomics (SoininerFinns study (Raitakat al., 2008) and 3,659 individuals from the

etal, 2009; Kettuneret al,, 2012; Suhret al,, 2011) include studies FINRISK Study (Vartiaineret al,, 2010). Additional analyses of the

of gene expression (Ackermaenal, 2013) and 3D-facial imaging same data confirmed that alternative methods discovered only one

(Hammond and Suttie, 2012). As a consequence, we need statistif these associations and did not identify any further associations

cal methods that increase the power to uncover genotype-phenotyjleat were not known before.

dependencies by combining information over several related phe-

notypes (Ferreira and Purcell, 2009; ORettfyal, 2012; Inouye

etal, 2012). The underlying idea is that if a genetic variant affects)  METHODS

a trait, then it is likely to affect other traits that are related to the

first one and, by testing for association with the two traits jointly, 2.1 Model

power may be increased. This reasoning can be taken a step furth®s build our model, we assume that the phenotypes may be affected by three

by testing all traits in high-dimensional omics data simultaneouslykinds of variables, #) known factors, such as age, sex, or population stru-

for example all metabolites in comprehensive metabolomic proficture, ¢) unknown factors, such as experimental conditions and other batch

les. A comparison of different statistical methods available for joint&ffects, andi) SNPs under consideration, as schematically presented in

testing of complete metabolomics profiles was recently conducteﬁigure 1. In contrast to standard regression, where each SNP-phenotype pair Q
(Marttinenet al, 2013) as a parameter representing the effect of the SNP on the phenotype, here wea

Besides testi | oh t imult IV the abilit tassumethatacombination of several SNPs is influencing several phenotypes o’
esides testing several phenolypes simuftaneously, the ability 91rough some unknown factors. This assumption is compactly expressed in @

detect certain kinds of associations may be boosted by combining,ms of the reduced rank regression, where the SNPs are first projected onto
statistical evidence over several SNPs. Usually this is done in @ jow-dimensional sub-space, and the projections are then used as regressor:
supervised manner, such that SNPs related by location or functioivhen predicting the phenotypes. The reduced-rank regression formulation
for example, are tested simultaneously. Combining information oveimmediately implies some structural assumptions deemed sensible in the
multiple SNPs is particularly crucial with rare variants, i.e., SNPscurrent setting: first, if a SNP has an effect on a phenotype, then the SNP
where the minor allele is present in a small proportion of the populais likely to have an effect on other phenotypes; second, if a phenotype is
tion. Testing such SNPs individually is unlikely to yield significant 2ffected by a SNP, then the phenotype is more likely to be affected by other
findings due to limited power. Most approaches for handling rarg®/ated SNPs as well. o

. . . : . Let N denote the number of individuals; the number of SNPsP the
variants are based on collapsing several rare SNPs into a single vari- .

. number of phenotypes, ard the number of other covariates. Formally, we

able (Bansakt z_al., 2910)‘ F_or exgmple, one _Can simply collapse consider the Bayesian reduced rank regression model
several rare variants into a single indicator telling whether any of the
rare variants is present in the individual (Morgenthaler and Thilly, Y = XUT + ZA+ HAT + B, o))
2007) or to count the number of rare variants present in the indiviwnhereYy » » contains the phenotypeX, « s contains the SNP 5« K,
dual (Morris and Zeggini, 2010). The problem with the collapsing andT i, x p represent a low-rank approximation for the regression coeffi-
methods is the implicit assumption that the effects are in the sameient matrix® = WT', Zx ¢ represents other covariates with the corre-
(or a pre-defined) direction. A more sophisticated variance comsponding coefficient matrixic « p, Hn x k., contains hidden confounding
ponent method avoiding this assumption is able to investigate th&ctors with the corresponding coefficient matip x rc,, and En x p =
impact of several rare variants on a univariate trait @al, 2011). €1+ en]”, with e; ~ N(0,X), wherex: = diag(o7, ..., o3). Note

Even if there exists a large number of methods for analyzingthat by integrating over the hidden factdis the model is equivalent to
rare variants, none of those has been tailored for multivariate phe- yi ~ NO©Ta; + ATz, ANT + %), i=1,...,N, )

notypes. On the gther hand, standard methods for mumvanatﬁ/here it is assumed that the factors have independent standard normal prior
phenotypes (Ferreira and Purcell, 2009) have not been thoroughlyisiributions. Therefore, we see that having the latent variable it
investigated in the context of rare variants, and we will see in the folip the model corresponds to assuming a low-rank approximation to the full
lowing that severe overfitting may occur. In summary, methods fofcovariance matrix, important when analyzing high-dimensional data sets.
dealing with rare variants in the context of multivariate phenotypes For computational reasons, we restrict the rank of the regression model,
are clearly lacking. K1, to unity in our genome-wide analysis (w.l.0.g. in the detection task, see
In this paper, we derive a novel formulation of the Bayesian below), and show results witli{; = 1, 2, 3 for a few representative exam-
reduced rank regression model (Geweke, 1996) to detect muItivePIeS_- HOVYQVEI’, _here we pre_sent a_general infinite—dimgnsional frame_work
riate associations between pre-defined groups of SNPs and a higﬂygllable in our |mp|emgntat|on, which does not rjecessnate the selectlon.of
. - . . . a fixed rank. In general, in order to use the Bayesian reduced rank regression
dimensional phenotype. In particular, our approach is suitable for

vzina both d iants. our f lation i model, the rank of the modek;, and the rank of the low-rank approxi-
analyzing both common and rare variants. Qur formulation INCOM, 4oy for the covariance matridy 2, must be selected. A recent Bayesian

porates prior_knowledge about ef‘fe.ct. sizes to increase th_e POWer tQinjte sparse factor analysis model (Bhattacharya and Dunson, 2011) circu-
detect associations. Furthermore, it is capable of correcting for thewents the selection of a fixed rank fé> by assuming in principle an

number of SNPs considered, which is important when testing a larggfinite number of columns in tha matrix; however, the columns shrink
number of SNP groups of different sizes. We validate our methocbrogressively such that only the first ranks are influential in practice. We
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A) Phenotypes (¥) here, we use it to represent the multivariate noise. Canonical correlation

analysis (CCA) is a classical tool for modeling multivariate dependencies
that has recently been introduced in the association study context (Hotel-
ling, 1936; Ferreira and Purcell, 2009). Sparse canonical correlation analysis
(Waaijenborget al, 2008; Wittenet al,, 2009; Parkhomenket al., 2009) is
more suitable to very high-dimensional data sets; however, introducing prior
distributions for CCA that would be intuitive in the association study context
does not seem straightforward.

Known Unobserved
Factors (2) Factors (H)

SNPs (X) 2.2 Proportion of total variation explained (PTVE)
A commonly used measure of the impact of multiple SNPsasay. .,z g,

B) on a univariate traiy is the proportion of variance explained (PVE) by the
Y = X¥T + ZA+ HAT + E, SNPs:

S -
PVE— 1 — Var(y — 32—, @ix;)
Var(y)

Y=X+ZlI]+H+ .
_ Var(zizl aixi)

C Var(y)

S PO . L. .
Fig. 1. Graphical illustration of the model. A) The variables and depen- Here,3_;_, a;x; is alinear prediction for the phenotypegiven the SNPs.

dencies between them. The phenotypésare assumed to be affected by Analoggusly, as a measure of the overall impact ofmultiple SNPs on a_hi_gh—
known factors, such as age or sex, unknown factors, such as batch effecqémensmnal phenotype,_ we propose to use the proportion of total variation
caused by varying experimental conditions, and the SNPs. The influence &f the phenotypes explained (PTVE) by the model, namely

the SNPs is mediated by unknown combinations of the original SNPs, repre- Tr(Cov(Y))

sented by black squares. B) The same model using matrix notation. Matrices PTVE= Wv ©
containing the observed variables, (the phenotypes)X (the SNPs), and N

Z (known factors), are blue. The regression coefficient matrices are redvhereY’ is a prediction for a high-dimensional phenotygérom the model

Note that the coefficient matrix for the SNP effects is written as a productand Tr denotes the trace, i.e., the sum of the diagonal elements of the matrix.
of two matrices, ¥ andT, corresponding to a low-rank approximation to an !N (3) and in general, the total variation of a multivariate random variable is

unconstrained coefficient matrix. The brown matrices comprise unobservefléfined as the trace of the covariance matri, i.e., the sum of the variances
variables,H (unknown factors) and (noise terms). of the individual variables. Therefore, PTVE measures the joint impact of

the SNPs on several phenotypes, and hence is expected to yield high scores

to such dependencies in which many phenotypes are affected by the SNPs,
even if none of the effects is very large by itself.
assume this prior formulation for our noise mod&\™ + £. We exploit In the Bayesian statistical framework, the inferences are based on poste-
the idea further by allowing also the raik; to be infinite in principle, and  yior probability distributions of the quantities of interest (Gelmemal,
enforcing the low-rank nature by shrinking the columnsloénd the rows  >004). with the Bayesian reduced rank regression model, samples from the
of I increasingly as the column/row index grows. In practice, one needs tQasterior distribution of the PTVE can be obtained from
specify upper bounds foK'; and K2. We select the upper bound fé¢, N
using the adaptive procedure of Bhattacharya and Dunson (2011), and we PTVE® — Tr (Cov (X W) @)
have implemented an analogous method for learning the upper bound for Tr(Cov(Y)) ’

f;l' In pra(itlcg \t/vetvvanted' t?. mmlmléet the m(:jdel ctc;]mplexny tto tmaxmﬁ}e wherew () andI’(¥) are samples from the posterior distribution of the para-
f € powec; O.d edetc asstc:]ma lons an .g speel up the cgm;i_u ag)ris. Nelfeters T andT. It is similarly straightforward to estimate the posterior
ore, we decided to run the genome-wide analysis (see Section 3. )usmgcﬁstribution for the proportion of variation explained by the rare variants,

fixed rankK; = 1. We note that the model with(, = 1 is sufficient for dividing the variation of the prediction into two components, one corre-

our. purposes of detecting whether a gene 'S anelated o the phenotype_s @ionding to the rare variants, the other to the common variants. The score
which case rank zero would already be sufficient), although for prediction

high K miaht b itable. Wi . ted with lected obtained in this way is referred to as PTVE-rare in the sequel and its exact
a higher rank mignt be more surtable. YV experimented wi na selecte S%tefinition is given in Supplementary Section 3. In practice, we approximate
of known genes with upper bounds 2 an¢s8e below) and noticed that the

ffect of i ing th bound f itv had onl I ; the posterior distribution by using a mode-based point estimate for one of
efiect of increasing the upper bound from unity had only a smafl Impact ony, . parameterd;, and estimating the joint distribution of the other parame-

the amot_mt of_varlatlon that is explamed by the model. From the blologlcalters using an MCMC-algorithm, as described thoroughly in Supplementary
perspective this means that the influence of a gene on the phenotypes C@ctions 4 and 5

mostly be described in terms of a single latent factor mediating the effect. A '

detailed model description is given in Supplementary Section 1. 2.3 Informative prior

The model is related to many published methods, and a thorough compa- . . .
rison can be found in Supplementary Section 2. Correction for unknowri?n the Bayesian analysis, external background knowledge may be incorpora-

. . . t(i:d in the statistical analysis through prior probability distributions. As our
factors has recently been considered with the standard regression mOd%hal sis is focused on estimating the posterior distribution of PTVE, a sensi-
typically for just one SNP at a time (Stegi al,, 2010; Fusiet al,, 2012). Y 9 P '

The difference to the original Bayesian reduced rank regression formulatior?le prior is obtained by making the prior distribution of the PTVE represent

(Geweke, 1996) is that our model utilizes low-rank approximation to theourtrue beliefs apout th|s quantity. The.prlordlstrll_)utlon ofthe PTVE appe-
) } o ) . . ) ars not to be available in a closed form; however, in Supplementary Section
covariance matrix, making it more suitable for high-dimensional phenoty-

: . ) T ) .. 6, we derive results which show how the distribution of the mean of the
pes, and informative prior distributions accommodating problem-spemflcPTVE depends on model hvperparameters. Using these results we
knowledge. Furthermore, we use the model in a new way, as described i °,~' HPTVE: G€P YPerp : 9

the subsequent sections. The Bayesian infinite sparse factor analysis motfeqt the prior distributions to satisfy the following properties

has been used for high-dimensional data (Bhattacharya and Dunson, 2011); Median(zprve) = 1076 5)

¥T0Z ‘22 JequenoN uo ABojouyoa] 10 AISBAIUN MUSPEH e /610°S[euIN0[pI0IX0'SI e o U0 10//:dNy Wo.) Papeoumod


http://bioinformatics.oxfordjournals.org/

Prior distribution of PTVE Posterior PTVE for LIPC gene L . .
g were 31 years of age. For replication we consider two cohorts. The Cardio-

7 vascular Risk in Young Finns Study (YFS) is a population-based prospective
cohort study (Raitakaréet al., 2008) conducted in Finland, the purpose of
which was to investigate the levels of cardiovascular risk factors in children
7 and adolescents in different parts of the country. The FINRISK Study com-
prises cross-sectional population surveys that have been carried out every 5
Permuted years since 1972, to assess the risk factors of chronic diseases, with emph-
asis on cardiovascular risk factors (Vartiainefral, 2010). The individuals
/@Qgi”a' analyzed in this study belong to the sample from the year 1997. The blood
o a samples for the two replication cohorts were collected when the participant
o : & 5 5 1 0000 005 0010 oois were 30-45 and 25-71 years of age, respectively. The study protocols of all
PTVE (x107) PTVE data sets have been approved by the local ethics committees.
The samples were genotyped with lllumina arrays (lllumina, Inc. San
Diego, CA, USA) and imputed with IMPUTE 2 (Howigt al,, 2009, 2011)

Fig. 2. Prior and posterior distributions for the proportion of total varia- = -
tion explained (PTVE) by the model. The panel on the left shows the prior_usmg a 1000 Genomes Project reference panel (The 1000 Genomes Pro

distribution imposed on the proportion of total variation of the phenotypesjeCt Consortium, 2012). Of the resulting good-quality autosgmal SNPs (|nfo

explained by the SNPs under consideration (here, the SNPs frobiRiG > 0_'4)' we extrac_ted SNPs in 24'0_25 human genes Py a‘_’d'”g 50kb flanking
gene). The median of the prior distribution is located at approximately 4e-preYIONS ON both sides of the endpoints of the genes gl\{en in NCBI Gene data-
The characteristic features of the prior distribution include the peak at valueg)ase (genome_ assembly GRCh37.p10, NCBI annotation 10_4',N0V 2012). As 3
very close to zero, effectively removing noise unless there is strong evidencl pre-processmg step, we reduced the genotype spa}ce within ea.ch gene tog
about a possible association, and the long tail allowing a small percentag e most promising 200 SNPs (at most) that had the highest canonical corre- =

of genes to explain larger proportions of the phenotype variation. The righ-'at'on test score (Ferreira and Purcell, 2009) with the metabolites; however,

tmost bin on the x-axis contains the total probability of values exceeding!® Prevent overfitting, the priors were specified as described above using
e unpruned SNP set. In preliminary experiments, decreasing the number

the maximum value on the axis. The panel on the right shows the posteriotll"I L -
distribution of the PTVE for the same SNPs. Two posterior densities areof SNPs in this way from 800 to 200 ha_d nO.VISIble effect on the results.
shown, one showing the distribution for the original data, the other showing nally: the SNPs were scaled to have unit variance.

the distribution for data in which the rows of the phenotype matrix have been Phgnotype _data c_ame from the serum NMR metqbolomics platf(_)rm
permuted. Notice the differing scales on the x-axes of the two panels. described garller (So!nlnenet al, 2009). As a pre-proce'ssmg §tep thg t'ralts
were quantile-normalized to have standard normal distribution. Individuals

with 20 percent missing values were remowat the remaining missing
values were imputed by sampling them from the multivariate normal distri-
and bution. In this work, we analyzed a subset of 74 lipoprotein subclass
P(uprve > 0.001) = 0.01. (6) measures (see Supplementary Table 3). The empirical correlaFion matrix of g
the traits is shown in Supplementary Figure 1. Linear regression was used T
to correct the phenotypes for age, sex, and population structure using 10 @.
incipal components (Pricgt al., 2006).
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Equation (5) means that the prior median@frye is very close to zero, as
we expect most of the genes to be unrelated to the phenotypes. Equation (8)
says that with a small probability, here equal to 0.01, the gene may explain
more than 0.1 per cent of the total variation, a value deemed resonable basgd RESULTS

on the background knowledge. The resulting prior distribution for the PTVE

is obtained by integrating over the distribtion@$tve, and we used Monte 3.1  Genome-wide analysis of NFBC1966 data

Carlo simulation to investigate the distribution. Figure 2 shows PTVE valuesye computed the PTVE and PTVE-rare scores for each of the
sampled from the prior distribution. The following desirable characteristics24 025 human genes in the NFBC1966 date gene at a time
can be seen: first, a peak close to zero, shrinking the coefficients when nﬁ’si’ng the Bayesian reduced rank regression. Table 1a shows thé top-
effect is present; second, a long tail, corresponding to the genes with a nort}’— enes with the hiahest PTVE scores. all 01; which are well-known
neglible impact on the phenotypes, without imposing strong beliefs about; g . g ! ;

the actual size of these non-zero effects. lipid-associated loci. More generally, all 43 top-scoring genes were

Another important property that follows from using the informative prior located within 1Mb from previously reported genome-wide signi-
is that the number of SNPs under consideration can be accounted for. Detdicant lipid associations (Teslovicet al, 2010; Kettuneret al,
led examination of Corollary 1 in Supplementary Section 6 reveals that with2012; The Global Lipids Genetics Consortium, 2013), and detailed
fixed hyperparameters the expected PTVE is proportionalfo , Var(z;), listing of the top genes is given in Supplementary Table 4. Furth-
i.e., the total variation of the SNPs. Roughly, this means that if the number Oérmore’ of the top.loo genes, which Correspond approximate|y to
SNPs doubles, the expected PTVE doubles as well, if the hyperparametegspr=0.2 (see the next section), 73 genes had known associations.
are kept fixed. Using the Corollaries 1 and 2in Supplementary Section 6, itisqather, these findings serve as a validation of the method and its
straightforward to modify the hyperparameter distributions to assert the prior -
- . O . implementation.
conditions (5) and (6), implying in our setting that all genes are expected to . .
explain the same amount of the variation of the phenotypes, regardless of To ||Iustrf’ite the eﬁept of the model rank on the results, we carried
how many SNPs they contain. out a detailed analysis for three known lipid gened®C, APOB
andPLTP, with rank K; = 1,2, 3. The genes were selected such
2.4 Data that they were located in different chromosomes and had dissimi-
As a data set for detecting associations we consider a sample of 4,702 inder association profilesAPOBassociated most strongly to VLDL,
viduals from the Northern Finland Birth Cohort 1966 (NFBC1966), a birth IDL and LDL, PLTPto HDL, andLIPC to VLDL, IDL and HDL
cohort study of children born in 1966 in the two northernmost provinces(Tukiainenet al, 2012). In addition to considering the genes sepa-
of Finland (Rantakallio, 1969). The blood samples for the DNA extraction rately, we repeated a joint analysis for all three possible pairwise
and phenotype data were collected at a follow-up visit when the participantgene combinations. The results are shown in Supplementary Figure
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Tablel. Summary of results from the genome-wide analysis of the real data. a) Reference results for genes with
five highest PTVE scores. b) Replicated genes from the PTVE-rare score (out of 6 genes tested for replication).
c) Replicated genes from the PTVE score (out of 167 gerfé@sg other replicated gene®PBP, CXCL5,

CXCL2, PF4, CXCLBare not shown as they were located within 1Mb frifiHFD2L, which had the stron-

gest effect. ColumPTVE(sd) shows the proportion of total variation explained and its standard deviation,
rare specifies the proportion of theariation explained by the gene attributed to the rare varigmglue
specifies the p-value pooled over YFS and FINRISK replication data sets (unless stated otherwise), and the last
four columns specify the ranking of the gene among all genes with different methdésotes genes which
replicated significantly in only one of the two replication data s&8.replication p-value in FINRISK/YFS.

a) Gene rank

Chr Locus PTVE(sd) rare p-value | PTVE pairwise S-CCA CCA-single
15 LIPC 0.01(5e-04) 0.015 b5e-19 |1 1 1 132

19 APOC1 0.0046(3e-04) 0.017 1.4e-26| 2 8 18 275

19 PVRL2 0.0045(1e-04) 0.0015 7e-35 |3 9 14 276

2 APOB 0.0044(3e-04) 0.017 1l.le-17| 4 45 41 3244

11  APOA5 0.0043(2e-04) 0.021 5e-10 |5 26 33 2433

b) Gene rank

Chr Locus PTVE(sd) rare p-value | PTVE-rare pairwise S-CCA CCA-single
16 SPIREZ2 0.0015(9e-05) 0.89 0.00091 5 8344 5490 4973

5 XRCC4 0.0024(2e-04) 0.55 0.0016 | 6 2706 5163 2155

c) Gene rank

Chr Locus PTVE(sd) rare p-value | PTVE pairwise S-CCA CCA-single
2 DTNB* 0.0015(2e-04) 0.15 2.6e-b4| 138 4715 338 7652

4 MTHFD2L 0.0015(2e-04) 0.019 7e-06 | 163 102 1444 1552

2, and are summarized as follows: 1) the rank of the model hadoefficient combining YFS and FINRISK data sets was formed
a minor effect on the results for a single gene, 2) increasing theising a fixed effect model over the two data sets (Thomgtad,
rank from K; = 1 to K; = 2 increased the variance explained in 2011) and the p-value was obtained by relating the pooled estimate
all joint pairwise analyses, and the increase was significant in twdo its standard deviation. A one-tailed test was used as we were only
of the three cases, 3) a combination of two genes always had a largatterested in findings in which the effects were in the same direction
effect than either gene individually; however, the sum of the indivi- in the replication data sets as in the NFBC1966 data. Bonferroni cor-
dual effects was slightly larger than the effect of the combination.rection was utilized to account for the number of genes tested with
We attribute this difference mainly to the stronger shrinkage in theeach method, such that corrected p-value threshold corresponding to
second than the first genotype component. 4) The first componerthe nominal 0.05 level of significance was equapter 0.0083 for
of a joint model was always strongly correlated with the single-genethe 6 putative novel genes from PTVE-rare score ard 0.00030
model with the larger effect, the second component with the singlefor the 167 putative genes from PTVE score.
gene model with the smaller effect. This is as expected as the prior We considered a replication significant if the test was nominally
distribution was designed to identify the strongest associations usingignificant (p<0.05) in both replication data sets, and the p-value
the first genotype component. for the pooled estimate was significant after correcting for the mul-
In order to check whether novel associations could be detectetiple tests. Information about genes which replicated significantly
by any method, we carried out a replication experiment with theis provided in Tablesd and 1c and in Figure 3. In total 1 gene
YFS and FINRISK data sets for the most promising genes, aftewith PTVE-rare and 6 genes with PTVE were detected, correspon-
excluding genes located within 1Mb from previously reported asso<ing to two independent genesRCC4 andMTHFD2L. We note
ciations. As promising we considered from each method all genethat MTHFD2L is located within 1Mb from two SNPs (rs2168889
with FDR<0.4. For the PTVE-rare score, 6 genes were testedand rs16850360) associated with ‘'metabolic networks’ containing
none of which had previously reported associations to lipids. Foisome lipoprotein traits from our data (Inougeal., 2012). Howe-
the PTVE score 305 genes he®R<0.4; however, only 167 were ver, the top-metabolite in the associations was Albumin, and when
not located close to known associations, and these 167 genes wene repeated the multivariate test with the lipoprotein traits conside-
selected for replication. red here, these associations were no longer genome-wide significant
For the purposes of replication, the multivariate dependencyp=2.5e-4 and g6.4e-7). In addition, two genesSPIRE2and
between the multiple SNPs and phenotypes was reduced into a uridTNB, replicated significantly (after the multiple testing correction)
variate test by using parameters estimated in the NFBC1966 dafa one, but not in the other replication data set. Table 1 also presents
to construct univariate genotype and phenotype combinations (se@e rankings of these genes by alternative methods (see below). We
Supplementary Section 7 for further details). Then, the standardee thaKRCC4 SPIRE2andDTNBwere completely missed by the
linear model was used to test for positive correlation between th@ther methods. Supplementary Table 1 shows the SNPs contributing
genotype and phenotype combinations. A pooled linear regressioto the reported associations. We see that WiRCC4 SPIRE2and
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DTNB, many SNPs, some of which are rare, are required to reprethe other methods, three permutations were used. Therefore, the
sent the overall association. This explains why these genes did n&DR estimates are approximate, which we consider to be sufficient
receive any signal from the standard testing with the pairwise lineafor our purposes, especially as the most extreme quantiles are not
model. Supplementary Figure 3 shows graphically how the pheeonsidered.
notypes are affected by the significant genes and the kndR@ The numbers of genes declared detected with different FDR
gene. We see that in neither of the new genes is the effect focuthresholds are presented in Tableahd the overall concordance
sed on any single trait, but rather a small effect is seen on mangf the scores from different methods is shown in Supplementary
lipoprotein measures. This is not surprising as the PTVE score i§igure 5. In summary, the results show that the method with which
expected to give high scores to precisely this kind of associationanost associations were found was exhaustive pairwise seaith
Supplementary Figure 4 shows the estimated SNP coefficients fdhe second-most powerful method was the Bayesian reduced rank
the genes, and demonstrates the usefulness of analyzing all SNPsregression with PTVE as the test scofidhese two methods also
a gene simultaneously in order to reduce noise resulting from théad the highest agreement in scoring genes. CCA applied to test
correlation between the SNPs. Further background information offor association between individual SNPs and the multivariate phe-
these genes is presented in Supplementary Table 2; however, a maretype performed badly. These results are somewhat different from
thorough biological interpretation of the genes remains for futurewhat has been reported before by us and others (Marteheth,
work. 2013; Inouyeet al, 2012). In particular, the CCA applied to indivi-
Finally, we repeated a similar analysis with three alternative methdual SNPs performed much worse that the pairwise testing, although
ods: 1) exhaustive pairwise search with a linear model, where thereviously it has been reported to have clearly higher power. The =
minus logarithm of the smallest pairwise p-value over all SNPs inexplanation is that here we applied the methods to all SNPs, inclu-
the gene and metabolites was taken as the test score for the gemkng the rare variants. Specifically, the single-SNP-CCA starts to
2) canonical correlation analysis, applied to a single SNP vs. albverfit when applied to rare variants. For example, when we investi-
metabolites at a time as by Ferreira and Purcell (2009) and Inouygated the results more carefully, we discovered SNPs in which the
et al. (2012), and 3) sparse canonical correlation analysis, whichminor allele was present in very few individuals, and such indivi-
was used to compute the canonical correlation between all SNPs iduals could be almost perfectly identified by a seemingly random
a gene and all phenotypes (Parkhomeekal., 2009). The methods combination of phenotypes, leading to a very large spurious cano-
2) and 3) were found to be the most powerful in a recent com-nical correlation test score (or, equivalently, a highly significant
parison of approaches for a multivariate metabolomics phenotype-value). Bayesian reduced rank regression and sparse CCA were
(Marttinenet al,, 2013); however, here the SNPs were not prunedless affected by the overfitting because they exploit ways to con-
using the minor allele frequency before applying the methods as byrol the complexity of the model, the former using the informative
Marttinenet al. (2013), because here the focus is in the rare vari-priors, the latter cross-validation.
ant setting. Similarly to PTVE and PTVE-rare methods, we tried Combining information over several SNPs using CCA or rela-
to replicate the top-scoring genes up to FDR=0.4. The last colummed methods has recently been demonstrated to improve power to
in Table 2 shows the numbers of genes included in the replicationletect associations under certain conditions (Tang and Ferreira,
with detailed listings given in Supplementary Tables 4-8. The ass02012; Zhanget al,, 2011; Marttinenet al, 2013). Here we see
ciation inMTHFD2L was confirmed to be genome-wide significant that the sparse CCA, and also the Bayesian reduced rank regres-
using the standard pairwise linear regression (SNP rs185567543jon, which utilize multi-SNP information, have lower power in the
trait S.LDL.P, p=2.5e-15, where the p-value is pooled over all threegenome-wide analysis than the simple pairwise testing. The differe-
data sets). All other replicated associations were located within IMimcefrom the earlier experiments is that here the methods are applied
of this or previously known associations, thus yielding no additionalto genotype data with a much higher SNP density, as obtained

W0} papeojuUMO(

novel detections. through careful imputation. The conclusion is that if the multi-SNP
information has already been utilized within the imputatproto-
3.2 Power comparison col, the power to detect associations cannot in general be expected

To investigate the power of the introduced method and compare fo improve by utilizing multi-SNP models.

with alternative methods, we estimated false discovery rates (FDR) For a mor_e detailed comparls_on be_twe_en the_ Bayesian reduced
corresponding to different threholdsfor declaring a gene as dete- fank regression and the exhaustive pairwise testing, Supplementary

cted. FDR estimates were obtained by permuting the rows of thgigureG shows a Q-Q plot of the scores (both PTVE and PTVE-rare)

phenotype matrix and analyzing the permuted data in exactly thégainst the expected scores that have been obtained by permuta-Q

same way as the original data (Benjamini and Hochberg, 1995; Stdion- The Supplementary Figualso shows genes detectable by
rey and Tibshirani, 2003; Xiet al, 2005). In detail, we computed the simple exhaustive pairwise search. Both Q-Q plots, but PTVE

the average number of genes in the permuted data sets with scor'{,gsparticular, indicate an excess of large test-scores, reflecting the

exceeding a given threshaldfalse positives, FRl)), the number of fact that at least some true associations are detected by the model.

genes in the original data with scores exceeding the same threshold€ further see that although with PTVE-rare score fewer genes can

d (total positives, TRd)), and considered the ratio of the two be detected than with PTVE, non_e qf the top-scoring genes from
PTVE-rare are flagged by the pairwise approach, making PTVE-

FP(d) rare an attractive score for mining associations that might be missed

FDR(d) = TR(d)” by the standard method.
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We note that because of computational burden, only one permu-
tation was used with the Bayesian reduced rank regression. With
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Fig. 3. Results for genes with significant replication in both test S6RCC4 andMTHFD2L,; for reference, the well-knowhIPC lipid locus is also shown.
Each panel shows the identified phenotype combination plotted against the genotype combination. The left column shows results in the NFBC1966 dataSset,
in which the associations were detected. The center and right columns show results with the YFS and FINRISK data sets, where coefficient matrices Iea&ed
with the NFBC1966 data were used to form the variable combinations. The green and red background colorings mark the individuals with the highest/lowgst

genotype combination values, and the phenotype values in these extreme groups are investigated in more detail in SupplemeBtary Figure

p

Table 2. Power comparison of the different methods. The table shows thenables us to incorporate our know|edge of the expected effects sizes
numbers of gene-metabolome associations that had false discovery rate belgyhe analysis.
the specified threshold. The last column shows the number of putative \\e ysed the new method to analyse a real GWAS data set with
novel associations W'.th'n genes W'.th FDR=0.4 after removing the knowr, it ariate lipoprotein phenotype. Two novel loci not previously
associations as described in the main text. . . . . -
associated with the phenotype were discovered and replicated in an
analysis combining two additional data sets. Furthermore, two more
FDR=0 FDR=0.1 FDR=0.2 FDR=0.4 Novel lociwere found which replicated significantly in one, but not in the
other test data set. Possible reasons for the lack of success in repli-

PTVE 36 55 103 305 167 cating the findings in both the data sets include: (i) the associations
PTVE-rare 3 3 3 6 6 were false positive in the first place, (ii) the associations involved
Pairwise 103 176 243 651 300 rare variants which were not present in sufficient numbers to see
CCA, single SNP 7 7 7 11 11 the effects, (i) the imputation accuracy of the rare variants was
Sparse CCA 37 50 66 117 51 not sufficient in all data sets, (iv) the phenotype data, although pre-

processed in exactly the same way with all the data sets, have not
been fully equivalent. For example, the scaling of the phenotypes
during pre-processing has been done using factors not exactly equal,
and the parameters learned in one data may thus not represent the
4 DISCUSSION effects adequately in another data. Only further studies will help to

o o _distinguish between the alternative explanations.
We have presented a new statistical metfendnvestigating associ- - £o"qqing inference with the model, the current implementation

ations in GWAS data sets with multivariate phenotypes. The methoquses MCMC sampling, the computation time of which is appro-
can combine information over multiple SNPs, making it particu- ximately half an hour’per gene on a 2.3GHz processor. Thus

larly suitable fgrstudying rare variants in the high-dimensional analyzing all human genes requires a cluster computer to paralle-
phenotype setting. For this setup no methods known to the authy, ¢ the computations over the genes. Analytical approximations,
ors have been presented before. Our method is based on estimatigg n, 4s the variational or Laplace approximations, see, e.g., Bishop

the proportion of total variance of the phenotypes that is explainedy 51 (2006), could be used to speed up the computations and, based
by the SNPs under consideration. For this purpose, we have deriveg, ,r experiments with the current method, are worth doing in the
a Bayesian formulation of the reduced rank regression model, which
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future. Alternative ways to use the model might also be corsideoReilly, P. F., Hoggart, C. J., Pomyen, Y., Calboli, F. C., Elliott, P., Jarvelin, M.-R.,
red. For example, focusing the analysis on variants with a predicted ar]d Coin, .L' J. (2012). MultiPhen: joint model of multiple phenotypes can increase
function could improve power to detect associations and lessen the 4Scovery in GWASPIoS ONET(5), e34861.

computational burden. As another example we have used 0.01 5§rkhomenko, E., Tritchler, D., and Beyene, J. (2009). Sparse canonical correlation

. . . . analysis with application to genomic data integratioBtatistical Applications in
the threshold for defining the rare variants when computing their . .o 1 Molecular Biolog(1), 1-34.

impact on the phenotypes. Results based on different thresholdsice, a. L., Patterson, N. J., Plenge, R. M., Weinblatt, M. E., Shadick, N. A.,
could readily be extracted from the output of a single MCMC run, and Reich, D. (2006). Principal components analysis corrects for stratification in
and are |ike|y to highlight different sets of genes. genome-wide association studidature Genetics38(8), 904—909.
Raitakari, O. T., Juonala, M., Ronnemaa, T., Keltikangas-Jarvinen, L., Rasanen, L.,
Pietikainen, M., Hutri-Kahonen, N., Taittonen, L., Jokinen, E., Marniemigtla).
(2008). Cohort profile: the cardiovascular risk in Young Finns Studternational
journal of epidemiology37(6), 1220-1226.
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