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ABSTRACT

Motivation: We consider the problem of multiple locus linkage ana-
lysis for expression traits of genes in a pathway or a network. To
capitalize on co-expression of functionally related genes, we propose
a penalized regression method that maps multiple eQTL for all related
genes simultaneously while accounting for their shared functions as
specified a priori by a gene pathway or network.

Results: An analysis of a mouse dataset and simulation studies
clearly demonstrate the advantage of the proposed method over
a standard approach that ignores biological knowledge of gene
networks.

Contact: weip@biostat.umn.edu

1 INTRODUCTION

Genomic locations that control the expression levels oidtapts
are called expression quantitative trait loci (eQTL) (Bretal 2002;
Schadt et al 2003). In eQTL analysis, treating the expredsicl of
a gene as a quantitative trait, one aims to identify genoaticadsso-
ciated with the trait; see Kendziorski and Wang (2006) foe@ent
review on statistical methods. It is likely that a gene’s reggion
is associated with multiple regulators, hence a multipusolin-
kage analysis is perhaps most suitable. A straightforwppiaach
is to treat each expression trait independently, then appyan-
dard QTL mapping technique to each individual trait. Forragk
trait, a general approach to mapping multiple QTL is essadnti
to identify non-zero regression coefficients in a regrassinalysis
(Sen and Churchill 2001). Traditionally, such a variableeston

be efficient. On the other hand, standard multivariate QThné
ques (Jiang and Zeng 1995) cannot be directly applied tatvely
small sample (with sample size typically less than or aroLdd)
with a large number of expression traits, which is in the orde
of thousands; furthermore, because some genes’ expressiels
are uncorrelated, pooling over all the genes together in kivau
riate QTL analysis, even if computationally feasible, wbalgain
have reduced power. To overcome these problems while iegliz
the potential of combining correlated expression traitspmmon
strategy (Lan et al 2003; Li et al 2006; Li et al 2007) is to gppl
dimension reduction to a group of relevant genes based bereit
a gene functional annotation system, such as the Gene @mtolo
(GO) (Ashburner et al 2000) or KEGG (Kanehisa and Goto 2000),
or on clustering or co-expression analysis (Tseng 200 Heit\Lise-
ful, there are various issues associated with these methousto
select gene groups, how to conduct dimension reductionhawdo
interpret results, etc; in addition, they may fail to take@mt spe-
cific roles of the genes in a group or cluster. An extreme exarnsp
to use the average expression of the genes in a pathway oetsubn
work to infer their common eQTL (Kliebenstein et al 2006),igvh
will be shown to be a special case of our approach. Alterabtiv
another line of research is to analyze genome-wide exmessiits
simultaneously without depending on any gene grouping roed
sion reduction. For example, Jia and Xu (2007) extended alpop
Bayesian variable selection scheme for a single regressiaatel
(George and McCulloch 1993) to multiple regression modefe
for each expression trait. We argue that, although this Gaagr

problem can be approached by model comparison via a modetsel takes advantage of existi_ng multiple traits by_ borrowingimation
tion criterion (Broman and Speed 2002; Bogdan et al 2004), o2Cross them, as a generic method, by treating all the genesigq

to save computing time, by a sequential, e.g. a stepwiseafohw
procedure for variable selection (Storey et al 2005; Zou Zedg
2007). In addition to high computational cost, a severe lprob
associated with these approaches is the reduced power doel-to
tiple tests. Furthermore, such model selection is sepdrften
parameter estimation and is inherently unstable (Brein296)L
Hence, simultaneous variable selection and parametenatsin
has become increasingly popular as implemented in eitheryeB
sian (e.g. Xu 2003; Yi et al 2003) or a penalization (e.g. X020
framework. In spite of their much different implementatiothe
Bayesian framework and the penalization oaee closely related
to each other due to the connection between penalizatioBape-
sian modeling (Tibshirani 1996); in particular, in the aaxttof QTL
mapping, Xu (2003) found that the two approaches performeltl w
and similarly in his simulation study.

As for multivariate traits, due to correlated expressiom®ag the
genes, separate analyses on individual expression traitfdwot

apriori, it fails to utilize biological knowledge that the genes¢un
tion in different pathways. Our goal here is to incorporatedgical
knowledge on genes in the form of gene networks while maiimgi
the strength of borrowing information across the genes.

We would like to distinguish two goals of eQTL analyses. The
first goal is to identify candidate eQTL associated with saanget
genes, based on which a preliminary gene network can beroonst
ted; this is the focus here. The second is to refine a gene retwo
either constructed for goal one or given a priori; typicabewp-
les are to infer causal relationships or orienting edge®rAdt al
2008; Neto et al 2008; Liu et al 2008) between genotypes ofr phe
notypes. For the purpose of goal one, we require a gene rietaor
be given a priori; this given network may or may not be related
the network to be inferred. In our example, we use a co-esfas
network while inferring an expression regulatory netwokky net-
work can be used in our approach as long as it implies our kiey pr
assumption: any two neighboring genes in the network areemor
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likely (than a random pair of genes) to have their expression  For variable selection, it is common to follow a stepwispetyprocedure
regulated by some common lodtor example, it is reasonable to based on, e.g. P-values gf;,, which however is unstable (Breiman 1992).
use KEGG pathways (Kanehisa and Goto 2000), protein-protei Furthermore, ifp ~ n orp >n, it may be difficult to estimate the yariance,
interaction networks, transcriptional regulatory netugosuch as ~ @nd thus P-value for angy;; in fact, evengy would be unstable with large
available from RegulonDB (Salgado et al 2004), and even somd&ariability. _ . o
computationally predicted networks, such as functiomidge (Lee It has become increasingly popular to take a penalizatiqnazgh that
et al 2004) or regulatory (Faith et al ’2007) networks realizes variable selection and parameter estimagiowltaneously, espe-

. . . cially for “large p, smalln” problems, as arising from eQTL analysis. A
It is helpful to review a main theme of Lan et al (2006) that penalized least square estimator (PLSE) is defined to be
partly motivated this research. In an eQTL study of micetesla . . )
to obesity and diabetes, Lan et al discovered that, by sep&aL B = argmin Lp(6) = argmin L(8) + pA(5),
mappings on the individual expression traits, the expoessf &  wherep, (3) is a penalty function with penalization or tuning parameter
few, but only a minority of, GPCR genes, was statisticaltynsi- which has to be determined based on some model selectieniamitsuch as
cantly linked to a region on chromosome two; by correlatingse  cross-validation (CV). There have been quite a few penaihctions pro-
significant genes’ expression with other genes, they fohatithe  posed in the literature. For variable selection, the mopupa is theL; or
expanded list of co-expressed genes included all 194 GP@Bsge Lasso (Tibshirani 1996) penalty:
many of which showed secondary linkage peaks, though ntit sta P
stically significant, in the same region of chromosome twheyr pA(B) = A Z Bl
argued that combining eQTL analysis with co-expressioryaiga k=1
would yield higher statistical power for biologically moneeaning-
ful discoveries. We completely agree with them; in fact, dvigke
to go further along the line by proposing a unified framewaek:
her than having two separate analysis steps of eQTL mappidg a

A nice feature of the Lasso penalty is its capability for ahte selection:
with a sufficiently large\, someg;, will be exactly 0, effectively excluding
the corresponding predictar; from the model.

The whole solution patf$()), as a function of penalization parameter
can be efficiently obtained by a slightly modified Lars altfon (Efron et al

expression clustering respectively, we would like to disemcor- 2004). Furthermore, one can take the Lars estimator as amaiive to the
porate biological knowledge of GPCR genes into eQTL anglysi Lasso estimator, though the two are often similar.
and see whether it can improve statistical power to discoeen- In spite of many successful applications of the above methtitty are

mon eQTL for these functionally related genésr example, we  generic, possibly failing to take full advantage of priookiedge of existing
may first construct a co-expression network (possibly bgtelting ~ structures among the predictors. For example, in eQTL afslthey ignore
analysis), then incorporate the network information irf@ré map- various gene functions and thus the relationships amongehes, such as
ping. More generally, because genes work coordinately eateid represented_ in gene networks. To incorporate biologicaledge of gene
by some pathways or networks, any two genes in the same pﬂthwgetworks, Li and Li (2008) proposed a new penalty that used #placian

ted to h lated ion levels. leadlisianil of a network. Specifically, given a network that describes riflationships
are ex.pe.c edtohave corre .a e_ expr'eSS|on EVEIS, leanisig! ar. among the predictors, denafe as the degree of predictor (or exchangeably,
associations (or non-association) with a markétence, to capi-

; ) node): in the network; that is¢; is the number of direct neighbors of node
talize on the correlation among the genes as suggested bgiea ge; in the network. Li and Li's network-based penalty is

networka priori, we construct a proper penalty function to realize » 2
Fhe smoothness of the associatiqn parameter§ for neigi@gdﬁes (B) = A1 Z 1Bi] + Ao Z < Bi B ) ’ @
in a general framework of penalized regression. Such an hdsa i1 Vdi  \/d;

been explored in the context of a single regression modelilayntl  \here; ~ j means that nodeisand;j are direct neighbors on the network.
Li (2008) and Pan et al (2008). Here, we extend the idea to th&imilar to the elastic net penalty (Zou and Hastie 2005), fitst term is
scenario with multiple regression models, in which speciarac-  used for variable selection while the second to smooth thanpeters over
teristics deriving from multiple models demand speciahtneents,  the network. A limitation of penalty (2) is its high computatal cost, which
such as in selecting penalization parameters. We will destnate can be prohibitive for large: a straightforward implementation as suggested

the advantage of this approach over a standard approactrehts by Li and Li (2008) converts the model fitting to a Lasso prabheith n +p
individual expression traits separately. observations ang predictors. In addition, determining two tuning parame-

ters(A1, A2) is computationally more intensive than choosing just onie as
Lasso or Lars.
2 METHODS Pan et al (2009) proposed a new network-based penalty. éBimoilthe
. i second term of (2), their penalty contains multiple ternasheof which is for
2.1 Penalized Regression an edge in a network and has a form of grouped penalty (YuamhaDO06;
We first consider the most common situation with a singledimegression  Zhao et al 2007); it differs from existing grouped penaltiesits specific
model: reference to a network. This penalty also allows the usehtmse a weight
Y =XB+e¢ E(e) =0, (1) for each node, which realizes different types of shrinkagagorcing various
prior relationships among;’s. For each nodéwith degreed;, definew; =
whereY = (y1,y2,...,yn)’ is a vector of trait valuesX = (z;;,) is g(d;,~) as its weight, possibly dependent @nand-. The penalty is
a design matrix,3 = (531, ...,0p)" is the vector of unknown regression . o 1/~ a2
coefficients, and = (e(l, e en)l’j)is a vector of noise or error terms. We PG w) = A2 Zp(ﬁ“ﬁj)
assume throughout that bothand each predictor have been standardized to

i g

g

have mean 0 and variance 1. To estimaiét is popular to use the ordinary ol Z |Bi|” N Ak 1/~ )
least square estimator (OLSE) - w; W ’
inj J
n p
= . . herey > 1 and1/+" + 1/ = 1. Each penalty termp(3;, 3;) is essen-
- L(B) = o 8.2, where-y Y v i, B
f=arg mén (6) = arg mén;(yz I;xlkﬂk) tially a weightedZ-, norm of vector(8;, 3;)’, and hencep, (8; A, w) is
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convex ing. A generalized boosted Lasso algorithm (Zhao and Yu 2004)evaluation to selecf\g. Specifically, for aV/-fold CV, first, we randomly

can be applied to obtain an approximate solution pth).

Pan et al (2008) studied some specific choices of the weifgitntsxample,
if w; = d;, under some conditions, it is shown tha|’s for neighboring
genes are smoothed and shrunken to each other, which isdeftéed. Other
choices of weights may result in different shrinkage scheri@ch term of
(3) is a (weighted) grouped penalty, encouraging htand3; to be equal
to O simultaneously (Yuan and Lin 2006; Zhao et al 2007), which incorpora-
tes our prior assumption that two neighboring genes in aowdtshould be
more similar to each otheand thus more likely to be both associated with
the trait. Furthermore, a largey is chosen to impose a stronger shrinkage
effect for two neighboring genes~ ;.

The numerical studies in Pan et al (2008) indicated some mpla-
tionships between the choices of and w and the resulting predictive
performance, while the performance in variable selecti@s wore robust
to the choices. Because the goal here is more for variabdetsmh, we will
simply usey = 2 andw; = d; throughout.

2.2 Adapting Penalized Regression to eQTL Analysis

In eQTL analysis, in contrast to standard regression (1)haxee multiple
regression models, one for each expression grait

Yy = XBg+eg, Eleg) =0, 4

for g = 1, ..., G. Note that the design matriX is related to the marker data
drawn from the individuals, independent of genéHere we assume that, for
simplicity, 1) eQTL are located on markers; 2) there are aulglitive effects:
each marker is coded asl, 0 and 1. It is possible to relax the above two
assumptions: for the first one, we can take the general agpraaSen and
Churchill (2001) by first imputing pseudo-genotypes betwieo neighbo-
ring markers (as shown in section 3.4) and then proceedipgog®sed here
by treating pseudo-genotypes as observed markers; forettand one, we
only need to create another dummy variable for the dominaffeet and its
associated regression coefficient for each marker, thecepobas proposed
here.

To estimate gene- or trait-specifig, = (841, ...,08¢p)’, @ standard
approach would apply a penalized method, such as Lasso srtoagach of
the above model, which however ignores possible relatipsshmong the
genes. In particular, to capitalize on the association eetwco-expression
and co-regulation, it is advantageous to smooth the pasmédr func-
tionally related or co-expressed genes. Here we wish torjcate into
analysis gene function information in a general form as gestevorks. As
in a functional group analysis, if two genes’ expressiorfif@® are strongly
correlated, then there is a high chance that the two genesoaregulated
and share some common eQTL. Here we assume that the co-srpres
co-regulation relationships among the genes are desdpadjene network
apriori. Specifically, if two geneg ~ h are linked in a network, we assume
apriori that their regression coefficients are clog®;| ~ |3, |; that is, two
neighboring genes in the network are more likely to sharernomeQTL.
We can combine the above multiple regression models intoggesone with

Ye = (Y{,...YS), Xc = diag(X, ..., X) and$ = (B;,...,5) . The
penalty function is
6
PA(B Y w) = AV2 Y Z —hk )
gh k=1 dn

Then the same generalized boosted Lasso algorithm can bedafgpobtain
an approximate solution patb(\). Note that, if the) is large enough, then
Bq ~ B, corresponding to the network-averaging approach of Kleiein
et al (2006).

Although we obtain an approximate solution péﬁ;(A) as a function of
A simultaneously for each, rather than selecting a commaug for all the
genes, we choose gene-specific tuning paramé{gr‘m account for pos-
sible heterogeneity across the models; this partially askedges that two
different pairs of neighboring genes in the network may shbeir mutual
similarity to varying degrees. Only gene-specific dgtg, X') are used in

partition the datdYy, X) into V' subsets of about an equal siz&}’, X"),

v ., V; denote by(Y, “, X~") the data excluding partition.
Second, we fit a network-based (or other penalized) regnessodel to trai-
ning data{ (Y, ", X~¥) : g = 1,...,G}, and usgY,’, X ") as test data to
calculate the prediction mean squared error (PMSE)/ SE7()), of the
trait for each\ andg; iterate the process for eaeh Third, an overall PMSE
for trait g is PM SEg()\) = Ave, PMSE((A). We then choose the pena-

lization parameter for trait or model as)\g = arg min PMSEg()\) At
the end, the final network-based PLSE (Net) for tegis 3, = 34(\g)-

A standard approach would fit each model separately, e.gh®y ars
algorithm. Again, CV can be used to estimate an optimal jiest&in para-
meter ), and the final Lars-PLSB, = (,4()\g). Note that by the use of
network information, the solution path, (A) obtained by the network-based
approach differs from that by the Lars method, as to be showimei real data
example. Hence, although gene-specfic penalization péeesrere used by
both methods, their final estimates are in general diffe(emén with the
same penalization parameter values).

Once we obtain a final PLSE,, we examine the components 8f: a
non-zero component suggests a possible linkage betweep #mad the cor-
responding marker; of course, a claimed linkage is eitheua or a false
positive. For any penalization method, these suggestkddes by the non-
zero components of the PLSE are taken as our estimated eQiallyf-we
note that, for either method, one can parametrize the pext@in parameter
as a fraction parametet. for any given), suppose thaB()\) is the PLSE;
then there is a corresponding fraction= py(3(\))/px (8(0)), in which
the denominator refers to an estimate without penalizafidmoughout the
below results, we use fractiosy which is always between 0 and 1, facili-
tating its use and comparison across various models. licpkat, we note
that for our example data, we found that for either the Larswrnetwork-
based method, if a common penalization paramejervas imposed for all
the traits, thersy = 0 would be selected, leading to intercept-only models
and suggesting no eQTL at all.

3 RESULTS
3.1 ExampleData

We analyzed a published mouse dataset deposited at the gene
expression omnibus (GEO) by Lan et al (2006). The data contai
ned 60 mice in an F2 sample from the C57BL/6J (B6) and BTBR
founder strains; B6 and BTBR strains, when made obese, showe
different susceptibility to diabetes: B6-ob/ob mice argbdites resi-
stant while BTBR-ob/ob mice are not (Lan et al 2006). Abold@b
gene expression traits were obtained from Affymetkize430

Set arrays, processed by the Robust Multi-array Average (RMA)
method (Irizarry et al 2003). Genotypes for 194 markers vekse
tributed across 19 chromosomes with an average markevattef
approximately 10 cM. There were about 7% missing genotypes.
We applied the imputation method of Sen and Churchill (2001)
as implemented in R/qtl (Broman et al 2006), to replace argr mi
sing genotype by an imputed value; all the work was done vhith t
imputed dataset.

Because of our goal is to investigate whether and how to pweor
rate gene function information into analysis, for illustoa, we will
consider only the genes in the G protein-coupled recept®GR)
protein signaling pathway. For the purpose, we construatgene
co-expression network. Although it is possible to use teesdata-
set to do so, to mimic the practical situation with a netwoikeg
a priori, we used another mouse dataset with liver gene egjme
of 135 female mice from an sample of F2 intercross between inb
red strains of C3H/HeJ and C57BL/6J (Ghazalpour et al 200.
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mostly disconnected to each other in the co-expressionanktiifig
1).

The solution paths and selected penalization paraméjfdag our
network-based method (Net) with a 5-fold CV are shown in $ejpp
mentary Fig 3. It is clear that the solution paths are diffiéfeom
that of Lars. As a result, more linkages, either true or falssitives,
were identified by the network-based method (Supplemeritayy
4). In particular,in addition to the three of the four genes identified
by Lars (except 1200007D18Rik), the network-based methsal a
identified seven other genes whose expression was linkeauticem
D2Mit148 on chromosome two: Calcrl, Cxcr3, Kenql, Rgs6, gs3,
Rgs3(2) and Gabbrlln contrast to the four largely disconnected
genes identified by the Lars, all the genes except Calcrltifah
by the Net were well connected to each other in the co-exjomess
network.

We also applied the network-averaging approach of Klietz@ms
et al (2006). It took the average expression of all 17 gendhen
network as the expression trait for each individual, thepliad the
Lars. By a 5-fold CV, the penalization parameter was setkete
0, hence all the regression coefficient estimates were 0;jthao
eQTL was detected. The solution paths are shown in Supplamnyen

1200007D18RIk

Fig. 1. A co-expression network derived from Ghazalpour et al'sad@he
dark nodes were the genes with their expression traits dirtkea marker

(D2Mit148) locus on chromosome 2 as suggested by the Nete wiirs Fig 5. . .
suggested only four genes linked to the locus: Ccr5, RpséRek4 and Next we used simulated data to confirm that the network-based

1200007D18Rik. method could indeed improve statistical power to detec&@J L
in practical situations.

3.3 Simulation |
data were derived from some custom ink-jet arrays; the as- 331  gmylation Set-ups  To mimic real data, we used the same
vided on their website a subset of the data consisting ofih&®00 genotype data and same number of individuals f.e= 60 and
genes with the most varying expression levels across 13plsam p = 194 for each gene); the network was the subnetwork for the
By gene names, we identified 17 GPCR genes appearing on bofl,| gata containing five genes: Rps6kad, 1200007D18Rikn,Ap
datasets; one of the genes, Rgs3, appeared twice (with W pr Rgs6 and Gabbrl; The true models for simulated data assuraed t
sets) and were denoted as Rgs3 and Rgs3(2) respectiveg el 5| the five genes were linked to the last marker on chromosome
second dataset, we calculated pair-wise Pearson cooreledieffi- o (D2Mit148), four (except 1200007D18Rik) linked to the first
cients between any two of the 17 genes; using a cut-off aM®4,  marker on chromosome 1@(OMit16), and only one (Gabbrl) lin-
obtained a co-expression network (Fig 1). We conducted arLeQ e to the first marker on chromosome TELBMit16). Specifically,
analysis for these 17 GPCR genes throughout. the expression trait of gengfor individual i was simulated from a
linear model
3.2 Analysisresults
We applied Lasso/Lars implemented in R package s (Efron Ygi = ©1iBg.1 + T2iBg2 + €380 + €gi, €gi © N(0,00),
et al 2002) to each expression trait separately; there stéonkee
some problems with CV for Lasso, so we used Lars throughoutWhere zi;, x2; and zz; are the genotypes of individualat the
Supplementary Fig 1 showed the solution paths for the gearess, ~three possibly linked markers, and the true coefficientewgn =
the selected tuning parameters in terms of fractioby a5-fold ~ Te15 X (—=0.2) for g =1,...,5, B2 = r42; x (0.2) for g # 2 and
CV; note quite differents, across the models. The Lars-PLSEs 09,2 = 0for g = 2, andfy s = 0.2 for g = 5 andf,,2 = 0 for
of B4's from the final models are shown in Supplementary Fig g # 5; 7gx; u U(0.8,1.2) was a scaling factor used to perturb the
2; a non-zero component <ﬁg suggested a possible linkage bet- effect size of markek on traitg in datasey. Four cases were con-
ween traitg and the corresponding locubor ten geness, = 0 sidered with the noise standard deviatian= 0.3, 0.5, 0.7 and 0.9
was selected by CV, leading to an intercept-only model, @enc respectively; for each case, 100 simulated datasets werraed
no eQTL was detected; for the other ones, four (Ccr5, Dok4,independently.
Rps6ka4 and 1200007D18Rik) showed a linkage at marker locus To save computing time, for tuning parameter selection, sexiu
D2Mit148 on chromosome two, which was in agreement with Lan etan independent tuning dataset of an equal sizesfi.e= 60). The
al (2006) who found a significant linkage peak on chromosomme t idea was similar to CV except that we only needed to fit a model
for several GPCR genesNonetheless, because most of the genesonce with the training data, then used the tuning data tautztke
did not show a linkage on chromosome two, we would like to seePMSE and thus selected the tuning paramgidor each traitg.
whether the network-based method could improve the detetly The simulation set-ups reflected practical situationsstFthere
borrowing information across the genes connected on theankt ~ were multiple eQTL, some of which were common for all the gene
Note that the four genes whose expression traits were filghtty ~ while others were not. Second, although the effect sizesoana
the Lars to be linked to markdd2Mit148 on chromosome 2 are mon eQTL on its targets were close, they were not exactlydhees
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Table 1. Simulation I: Sample means (SDs) of the numbers of the trséipes (1) and false positivesg() by the two methods from 100 simulated datasets.
A * indicates a P-value: .01 from a paired t-test to compare the mean difference;dfor o) from that of the Net.

Gene Rps6kas 120007D18Rik Apin Rgs6 Gabbrl
g0 q1 q0 g1 q0 g1 g0 g1 g0 g1
Case| True 0 2 0 1 0 2 0 2 0 3

1| Lars | 958 198 | 748 097 | 10.23° 1.98 | 1035 1.96 | 1417 2.96
(5.75) (0.14)| (6.76) (0.17)| (5.98) (0.14)| (6.41) (0.20)| (5.74) (0.20)
Net | 706 200 | 759 099 | 862 2.00 | 9.09 200 | 1369 299
(5.18) (0.00)| (7.15) (0.10)| (6.67) (0.00)| (6.57) (0.00)| (6.81) (0.10)
2 | Lars | 8.23° 1.52° | 662 0.77° | 894 1.66° | 889 1.50° | 1232 2.20°
(5.54) (0.69)| (6.77) (0.42)| (5.58) (0.57)| (6.47) (0.64)| (6.37) (0.90)
Net | 679 193 | 698 088 | 831 1.91 | 848 1.86 | 1218  2.63
(5.27) (0.29)| (6.37) (0.33)| (6.48) (0.35)| (6.41) (0.38)| (7.13) (0.53)
3| Lars | 635 1.06" | 5.02* 045" | 6.86 1.05° | 6.74 1.04" | 921 1.46"
(5.36) (0.79)| (6.41) (0.50)| (5.58) (0.74)| (5.99) (0.83)| (7.02) (1.01)
Net | 669 155 | 644 068 | 750 161 | 7.44 149 | 1011 1.97
(5.83) (0.72)| (6.65) (0.47)| (6.25) (0.62)| (6.65) (0.70)| (7.80) (0.87)
4 | Lars | 4.99° 0.70" | 4.100 021" | 523 067" | 516 0.70° | 6.71* 0.82"
(529) (0.73)| (6.10) (0.41)| (5.52) (0.77)| (6.11) (0.78)| (6.51) (0.87)
Net | 581 111 | 525 037 | 6.06 1.08 | 542 091 | 805  1.30
(5.63) (0.80)| (7.42) (0.49)| (6.04) (0.80)| (6.23) (0.83)| (7.31) (0.94)

Finally, the prior belief as modeled in the penalty functieas lar-  previous two methods, we also considered the network-girega
gely, but not completely, correct: some markers associaitt a (Ave) approach of Kliebenstein et al (2006): for each indiinal, the
gene were not associated with the gene’s neighbor(s). Netie t average expression level of the seven genes was used asithe tr
although there were at most three eQTL for each trait, whiels w then a linear model was fitted using Lars; it was implicitlgasied
unknown, as usual, we fitted a model with all 194 markers fohea that all the genes in the network shared the same eQTL. Oiserw
trait. we followed exactly the same procedures as before, yieltbng
set-ups and the corresponding results (Table 2).
3.3.2 Smulation Results The simulation results are included in |+ is evident that our network-based method always detevied
Table 1. For each gene, we considered the number of fals&-posi eQTL while giving fewer false positives than the Lars method
ves (o) and number of true positiveg:(; ideally, we would like to  The petwork-averaging method discovered more eQTL butat th

haveqo as small and as large as possible. From Table 1, itis clear pigh cost of much larger numbers of false positives (withistiaal
that the network-based method in general gave a higher nuafibe significance for most of them).

true positives while often maintaining an either smallecompa-

rable number of false positives as compared to the Lars,nalate

approach that treated each trait separately. One can egaa titat, 4 DISCUSSION

for each trait with only 1-3 true eQTL but with 190 non-eQTL e have proposed a gene network-based regression apprach t
markers, it is affordable to have a few extra false posita®$ong  muyltiple linkage analysis of expression traits. Because ganes

as there iS a Significant improvement in detecting atrue e.QJﬂte in the same functional group or pathway tend to be Co_expmss
that for many cases the mean differences; 0§ between the two  and co-regulated, it makes sense to combine eQTL analysésefo
methOdS were Substantial and StatiStically Signiﬁcantud.ged by functiona”y re'ated genes; th|s point has been incre@sir@o_

the P-values given by paired t-tests. Hence, as expectedoiy-  gnized (e.g. Lan et al 2006). However, there is yet any caasen
wing information across the genes in a network, the netvimased  on how to do so effectively; here we have outlined a novel pena

method gained statistical power of detecting eQTL. lized regression approach that incorporates into a pertadtyprior
. . knowledge of gene functions embedded in a network. In pdeic
3.4 Simulation I we have formulated multiple regression models for indieiduaits

The second set of simulation set-ups were the same as thamin S as a single, expanded regression model so that an existmajipe
lation | except the following three modifications. First,skd on  zation technique for a single model can be applied. Althotini$
the same genotype data, we used R/qtl to impute a pseodo markiormulation largely simplifies the problem, there are somecsal
every 8 cM on each chromosome, resulting in a total of 408i-orig features associated with multiple models that distingtih pro-
nal or imputed markers. Second, we added two pseudo genes, salem from the one with only a single model. For example, algio
genes 6 and 7, to the original subnetwork of the five genes Gen the regression coefficient solution paths for all the traies obtai-
was connected to both gene 120007D18Rik and gene 7; there waed as functions of a common penalization parameter, beaafus
no any other change with the subnetwork. Third, in additmithe  possibly varying effect sizes of eQTL across the traits ovanfy-
three previous eQTL, we added a new eQTL at a pseodo marker ang degrees of co-expression for neighboring genes in theark,
80 cM on chromosome 3 (between markers D3Mit44 and D3Mit19)we allow trait-specific penalization parameters to be setkat the
for the five genes with a regression coefficient-ei.2, while the  end; for the mouse data, the choice of such trait-specifialpgtion
two pseodo genes were not linked to any loci. In addition ® th parameters seemed to be necessary.
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Table 2. Simulation Il: Sample means (SDs) of the numbers of the tamtiges 1) and false positivesq()) by the three methods from 100 simulated
datasets. A indicates a P-value: .01 from a paired t-test to compare the mean difference;dfor o) from that of the Net.

Gene Rps6kad 120007D18Rik Apin Rgs6 Gabbrl Gene 6 Gene 7
qo q1 q0 g1 q0 g1 q0 g1 40 q1 40 g1 40 q1
Case| True 0 3 0 2 0 3 0 3 0 4 0 0 0 0

1| Lars 14.05*  2.70* 13.98* 1.54* 14.77* 2.71* 14.69* 2.62* 19.14*  3.63* 2.68 0.00 3.27 0.00
(6.05) (0.56)| (7.52) (0.58)| (6.45) (0.50)| (5.95) (0.56)| (6.67) (0.56)| (5.02) (0.00)| (5.73)  (0.00)
Net | 1030 293 | 11.38 193 | 1203 294 | 1244 296 | 1479 391 | 260 000 | 3.62 0.00
(463) (0.29)| (6.00) (0.29)| (5.64) (0.28)| (5.05) (0.20)| (5.51) (0.32)| (4.23) (0.00)| (552)  (0.00)
Ave | 15.98* 293 | 16.98* 1.93 | 15.98* 293 | 15.98* 293 | 1579 3.12* | 18.91* 0.00 | 18.91*  0.00
(6.83) (0.26)| (6.83) (0.26)| (6.83) (0.26)| (6.83) (0.26)| (6.79) (0.48)| (6.82) (0.00)| (6.82)  (0.00)
2 | Lars | 11.86° 1.83° | 11.01° 0.87° | 13.10° 1.85° | 12.33° 1.69" | 15.84" 2.26° | 2.68 000 | 3.27 0.00
(6.22) (0.92)| (7.89) (0.73)| (6.36) (0.83)| (6.11) (0.91)| (7.39) (0.97)| (5.02) (0.00)| (5.73)  (0.00)
Net 916 234 | 9.37 127 | 1081 250 | 11.22 240 | 1301 297 | 273  0.00 | 3.280.00

(443) (0.78)| (6.82) (0.69)| (5.55) (0.66)| (5.13) (0.67)| (6.12) (0.85)| (4.56) (0.00)| (5.11)  (0.00)
Ave 15.37*  2.59 16.27* 1.69 15.37* 2.59 15.37* 2.59 15.27°  2.69 17.96™ 0.00 17.96™ 0.00
(6.90) (0.55)| (6.88) (0.49)| (6.90) (0.55)| (6.90) (0.55)| (6.87) (0.63)| (6.79) (0.00)| (6.79)  (0.00)
3| Lars | 9.10° 1.07° | 8.35° 048 | 10.16° 1.11° | 9.76° 1.01° | 1112 1.14° | 268 000 | 3.27 0.00
(6.81) (0.90)| (8.18) (0.67)| (6.68) (0.79)| (6.43) (0.81)| (7.79) (1.01)| (5.05) (0.00)| (5.73)  (0.00)
Net 723 143 | 731 062 | 911 163 | 873 142 | 1030 170 | 2.60 000 | 3.37 0.00
(450) (0.91)| (7.12) (0.71)| (5.44) (0.86)| (5.08) (0.81)| (6.35) (0.99)| (4.25) (0.00)| (5.50)  (0.00)
Ave 14.65*  2.14™ 15.41* 1.38% 14.65* 2.14* 14.65* 2.14* 14.58* 2.21% 16.79* 0.00 16.79* 0.00
(7.23)  (0.75)| (7.23) (0.65)| (7.23) (0.75)| (7.23) (0.75)| (7.22) (0.81)| (7.11) (0.00)| (7.11)  (0.00)
4 | Lars | 6.42° 055" | 601 027 | 7.72 066" | 757 0.66° | 9.00° 0.74" | 268  000]| 327 0.00
(5.68) (0.73)| (7.89) (0.49)| (6.62) (0.68)| (6.80) (0.76)| (7.55) (0.87)| (5.03) (0.00)| (5.73)  (0.00)
Net 542 072 | 553 032 | 699 084 | 711 084 | 794 093 | 251  000| 357 0.00
(4.46) (0.79)| (651) (0.55)| (5.63) (0.75)| (6.05) (0.83)| (5.64) (0.88)| (4.25) (0.00)| (5.58)  (0.00)
Ave 13.06* 1.72% 13.69* 1.09% 13.06* 1.72% 13.06* 1.72% 13.02* 1.76* 14.78* 0.00 14.78* 0.00
(7.18) (0.87)| (7.24) (0.73)| (7.18) (0.87)| (7.18) (0.87)| (7.13) (0.91)| (7.28) (0.00)| (7.28)  (0.00)

Our work is related to the ongoing efforts of incorporatiriglo- As developed for differential expression analysis, incogbing
gical knowledge into genomic data analysis. For exampld,an@  gene functional groups as defined by either functional atiuots or
Pan (2008b) considered the use of gene functional grouggynes-  clustering analysis (Pan 2005, 2006), or by gene networks &ndl
sion analysis of gene expression on DNA-protein binding dat Li 2007; Wei and Pan 2008), into a mixture model for eQTL analy
similarly on DNA sequence data as shown by Conlon et al 2003kis is in principle straightforward, though computatioohhllenge
to infer transcription factor-target relationships. Thesle idea is  remains due to a large number of components in the mixturesmod
that the genes within the same functional group share solevareg ~ Furthermore, we may extend the Bayesian framework of coatbin
characteristics, and thus it may be beneficial to borrowrmftion eQTL analysis (Jia and Xu 2007) to account for gene networks:
across them. Their methods can be adapted to the current comather than usingid priors for the parameters of the same marker
text. However, a limitation of the methods is their depemm#gean  across the genes as in Jia and Xu (2006), dependent priorbenay
gene group selection: for example, since there are thossahd used to account for correlations among the co-expresseelsgen
GO categories, which ones to use? There is a trade-off batweesuggested by a network; although it seems possible to feteul
group size and functional specificity: a more specific andcfun such a hierarchical model, it may or may not be computatignal
tionally homogeneous functional group contains necdgstniver feasible with the usual Markov chain Monte Carlo impleméota
genes, introducing estimation difficulties with a smalkemple size.  Finally, our current implementation based on the genezdlizoo-
We feel that a gene network is both flexible and powerful to-cap sted Lasso algorithm can handle dozens of genes in a pathway;
ture biological knowledge, as compared to gene functionaligs;  for genome-wide expression traits, one may deal with imlligi
in fact, some even argued that the former should be morebdeita pathways separately. Although considering pathways onenkeyis
(Fraser and Marcotte 2004). For gene functional groupsdii-a  often acceptable, if one wants to combine thousands of sgjme
tion to which group to use, there are also other issues, ssitiowa ~ traits simultaneously with a genome-wide network, morecifiit
to handle genes annotated in multiple groups and why tigdiie  algorithms still need to be developed. These are all intieggopics
genes inside a group equalypriori. to be studied.

Although we have focused on regression analysis for meltipl
eQTL mapping, the idea of incorporating biological knovgedan SUPPLEMENTARY MATERIALS
be equally applied to single eQTL analysis. For instancaleatify
possible associations between any expression trait andeargmic
marker, Kendziorski et al (2006) proposed a mixture modietrém-
scripts) over markers (MOM), in which the transcripts amated ACKNOWLEDGMENT

equallya pr_iori asin e_tstandard r_nixture _model; Gelfqnd ?t al (2007) Th author thanks the reviewers’ for helpful comments. Thiarch
proposed incorporating genomic location information iM@M. was partially supported by NIH grants GM081535 and HL65462.

Five Supplementary figures are included.
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