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ABSTRACT

Motivation: Dissection of the genetics underlying gene expression
utilizes techniques from microarray analyses as well as quantitative
trait loci (QTL) mapping. Available QTL mapping methods are not
tailored for the highly automated analyses required to deal with the
thousands of gene transcripts encountered in the mapping of QTL
affecting gene expression (sometimes referred to as eQTL). This
report focuses on the adaptation of QTL mapping methodology to
perform automated mapping of QTL affecting gene expression.
Results: The analyses of expression data on >12 000 gene transcripts
in BXD recombinant inbred mice found, on average, 629 QTL exceed-
ing the genome-wide 5% threshold. Using additional information on
trait repeatabilities and QTL location, 168 of these were classified as
‘high confidence’ QTL. Current sample sizes of genetical genomics
studies make it possible to detect a reasonable number of QTL using
simple genetic models, but considerably larger studies are needed to
evaluate more complex genetic models. After extensive analyses of
real data and additional simulated data (altogether >300 000 genome
scans) we make the following recommendations for detection of QTL
for gene expression: (1) For populations with an unbalanced num-
ber of replicates on each genotype, weighted least squares should
be preferred above ordinary least squares. Weights can be based on
the repeatability of the trait and the number of replicates. (2) A gen-
ome scan based on multiple marker information but analysing only
at marker locations is a good approximation to a full interval map-
ping procedure. (3) Significance testing should be based on empirical
genome-wide significance thresholds that are derived for each trait
separately. (4) The significant QTL can be separated into high and
low confidence QTL using a false discovery rate that incorporates
prior information such as transcript repeatabilities and co-localization
of gene-transcripts and QTL. (5) Including observations on the founder
lines in the QTL analysis should be avoided as it inflates the test stat-
istic and increases the Type | error. (6) To increase the computational
efficiency of the study, use of parallel computing is advised. These
recommendations are summarized in a possible strategy for mapping
of QTL in a least squares framework.

Availability: The software used for this study is available on request
from the authors.

Contact: Chris.Haley@bbsrc.ac.uk

*To whom correspondence should be addressed.

1 INTRODUCTION

With the emergence of genome-wide gene expression arrays in the
late 1990s it has become possible to consider genome-wide stud-
ies aimed at dissecting the genetic regulation of gene expression.
Jansen and Nap (2001) published the formal description of this new
research areaand coined it genetical genomics. The concept is based
on a segregating population where for each individua the level of
mMRNA transcript abundanceis measured for alarge number of genes
and genome-wide genotypes are collected. The expression levelsfor
theindividual genes are measured on a continuous scale and can be
treated as a quantitative phenotype affected by multiple genes and
environmental factors. By combining these quantitative phenotypes
and the genetic marker data, quantitative trait loci (QTL) mapping
agorithms can be used to dissect the transcriptional regulation for
the entire transcriptome and identify the effects of some of the indi-
vidual QTL affecting gene expression. Klose et al. (2002) described
the first experimental genetical genomics results about the genetic
regulation of the mouse brain proteome. Subsequently, Brem et al.
(2002) described the genetics of gene expression in budding yeast
followed by Schadt et al. (2003) who reported on genetical genomics
in maize, mouse and man.

QTL mapping agorithms have been described for many types
of experimental crosses and natural populations. In the genet-
ical genomics studies performed so far, standard QTL mapping
packages, such as MapMaker QTL (Lander et al., 1987), QTL
Cartographer (Wang et al., 20012003, http://statgen.ncsu.edu/
qtlcart/WQTL Cart.htm) and WebQTL (Wang et al., 2003), have
been used. For future studies, the QTL mapping algorithms need
to be reviewed in the light of the unique properties of mapping
QTL affecting gene expression. Such mapping studies need to be
largely automated because they involve analyses of potentially many
thousands of gene transcripts. In traditional QTL mapping studies,
the number of traits rarely exceeds a hundred. Due to this huge
increase in number of phenotypes, the computational aspects of
the algorithms that are employed also need to be carefully con-
sidered. The process of automating the analyses is, however, not
trivial.

An automated QTL mapping strategy needs to rely strictly on
statistical measures to highlight candidate regions because manual
inspection of QTL results across the genome for individua traits,
which is common in standard QTL mapping, is not feasible for
every individual gene transcript. In this study, we will apply various
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standard QTL mapping scenarios to analyse data from one of the
first publicly available genetical genomics datasets (Chesler et al.,
2005). Based on these results, we will outline a potential automated
strategy for detecting QTL affecting gene expression. This report
focuses on the use of gene-expression data as a quantitative pheno-
typefor QTL analysisrather than on the extraction and normalization
of gene expression data.

2 SYSTEMS AND METHODS

In this report we have evaluated a wide range of components of a stream-
lined and semi-automated QTL mapping strategy. This strategy allows high
throughput of thousands of phenotypes, in parallel on supercomputersif avail-
able, and the results are robust enough to use directly for post-QTL analyses
aiming to clarify the biological relevance of the QTL. For this study we have
used an experimental recombinant inbred (RI) mouse dataset aswell as some
limited simulated data to assess specific components of the methodology.

2.1 TheBXD mousedata

We have based the bulk of our study on amouse model system, where mRNA
expression levels and genome-wide genotypes were collected in a popul ation
of BXD RI mice that are derived from a cross between C57BL/6J (B) and
DBA/2J (D). The results of this study are reported in depth by Chesler et al.
(2005). Expression profiles were collected for 12 422 transcripts using Affy-
metrix U74Av2 chips for 78 pools from 29 recombinant inbred lines (RIL).
The transcript data were processed with the Affymetrix M.A.S. 5 software.
Expression was measured in one to four replicates for each line and each
replicate contained pooled tissue samples from three individual mice of the
same sex. For additional information on the experimental procedures see
the description at http://www.webqtl.org/search.html for the dataset UTHSC
Brain mRNA U74Av2 (May03) MAS5.

2.2 Components of an automated QTL mapping
strategy

In this section we outline analytical and inferential aspects of QTL mapping
for gene-expression data. Subsequently some aspects of the analysis were
varied and the entire gene-expression data set was reanalysed for QTL. This
resulted in 23 scenarios, each containing a unique combination of analyt-
ical components, totalling more than 300 000 genome scans (with additional
simulations).

We used a range of statistics to compare the results for these scenarios.
For simplicity, we assume that, for a given trait, all significant QTL on a
chromosome represent the same QTL when comparing different scenarios.

First to compare the statistical power of different scenarios, we estimated
pairwise correlations between the scenarios based on (1) the traits with signi-
ficant QTL and (2) the number of significant QTL for each trait. Second, we
tested the degree of similarity between the QTL curves obtained by the differ-
ent methods by estimating the pairwise correlations for the highest obtained
F-statistics as well as the point estimates for the location of the QTL.

221 TheQTL model The QTL analyseswere based on modifications
of the least squares QTL mapping approach of Haley and Knott (1992). In
short, the Haley and Knott algorithm contains the following steps. First,
QTL genotype probabilities are estimated conditional on marker genotypes
at selected grid points in the genome. Then, regression indicator variables
are calculated for the genetic effect(s) of the QTL using the QTL genotype
probabilities. Theseindicator variables are used in aleast squares framework
to estimate the genetic effect(s) of the QTL. Inthe RI population, the marker
genotypes were used to estimate the probability (Pgg and Ppp) for every
RIL being each of the two possible QTL genotypes (BB and DD) at the grid
nodes along the genome. A putative QTL with amarginal (additive) effect is
modelled at every grid location:

yi = Bo+ FZ + Bja; +¢j, (1)

where y; isavector of phenotypes, 8o isthe mean, F isavector of additive
effects for earlier detected QTL, Z is a vector of regression variables for
earlier detected QTL, B; is the regression coefficient for additive effect for
aputative QTL at genomic location j, gj isthe regression indicator variable
for the additive effect of QTL k at genomic location j(a; = Pegj — Pppj)
and ¢j isthe residual error.

2.2.2 Assessment of phenotypic data and power of the experiment
Phenotypicoutliers. Individual observationswith phenotypicvaluesthat are
outliers in the distribution can be influential on the outcome of a statistical
analysis. Good statistical practice dictates that outliers are identified and
dealt with before any further analyses. In the BXD data, 7743 (0.8%) of the
observations could be classified as distributional outliers (>3 phenotypic SD
from the mean). We compared the effect of omitting outliers versus shrinking
the phenotypic value of outliers back to 3 SD from the mean versusretaining
them at their origina values in the analyses, but no clear ‘best strategy’
emerged from these comparisons (data not shown).

Estimating the repeatabilities of the gene transcripts. The level of sim-
ilarity between repeated measurements of gene expression in samples with
the same genotype (e.g. from the same RIL) is an indication of the balance
between genetic control and environmental and technical error. The repest-
ability (r) istheratio between line variance and the total variance and is also
the upper limit of the heritability of the transcript of interest (Falconer and
Mackay 1996):

2
r= _ % _
(@ +0p)

where o2 is the variance between BXD lines and o2 is the variance within
BXD lines. The repeatabilities for each transcript were estimated using a
mixed linear model in GENSTAT with BXD line as a random effect and
sex as a fixed effect. Age at sampling was evaluated but not included as no
consistent effect for this effect was observed.

Satistical power to detect QTL. The power to detect QTL for a given
experiment depends on the size of the experiment, the size of the QTL effect,
the variability of the trait and the threshold that is used to claim a signi-
ficant QTL. While the distribution of the QTL effects is largely unknown
(especially when it comes to QTL for gene expression), we can predict the
statistical power to detect a given QTL effect (Lynch and Walsh, 1998).
We adapted the prediction for an F, population (Lynch and Walsh, 1998)
to RI lines by taking the homozygosity of RI lines into account. For the
BXD design we have calculated the projected power of detection for vari-
ous standardized QTL effects (0.25, 0.4, 0.5, 0.6 and 0.75 phenotypic SD).
We calculated the projected power for 1, 3 and 10 replicates per BXD line,
because it was possible for RI lines to do multiple measurementsin the same

genotype.

2.2.3 Useof expression datain QTL analysis For populations with
multiple observations on each experimenta unit, e.g. the genotypes for the
BXD RIL, thereareseveral optionsfor parameter estimationin QTL mapping.
We have evaluated alternative regression methods which use the information
from the 78 individual measurementsin different ways.

Ordinary least squares.  First theraw phenotypic meansof each RIL (i.e. 29
values) were used as phenotypes in ordinary least squares interval mapping.
In our example, each phenotypein the QTL analysisisobtained by averaging
the gene-expression level over several repeated measurements. Thisanalysis
does not account for the fact that the number of replicates varies from one
per lineto four per line.

Weighted least squares. Weighted regression can be used to account for
thedifferencesin number of replicates between different lines. We have eval-
uated weighted regression using two alternative weights. The first weight
evaluated was the inverse of the estimated within-line variance. In this case
lines exhibiting small within line-variances get large weights and vice versa.
Due to the small number of replicates, the within line variances were poorly
estimated in the present study. As a second option, the weights were based
on the repeatability for the trait () and the number of measurements ()
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for eech RIL as w = n/[1 + r(n — 1)]. This weight is proportiona to
the expected reduction in variance for multiple observations rather than the
estimated variance for each line from the actual data.

Use of Parental and F; observationsin QTL analyses. Jansen and Stam
(1994) suggest the use of phenotypic information on parental lines and F;
to increase power of QTL detection in a multiple QTL mapping analysis.
This was accommodated in WebQTL until June 2004 and has been used
in a number of studies (e.g. Risinger et al., 2000; Grisel et al., 2002). By
including parental and F; data in the QTL analysis for RIL, an increase
in the test statistic and hence the significance level is expected due to an
increased number of degrees of freedom in the statistical tests. However,
these observations cannot be treated as ordinary RIL. The full phenotypic
difference between the parental lines will be associated with any marker dis-
criminating between the two lines, not just the effect of any QTL linked
to the marker. The standard significance tests used in QTL mapping (e.g.
randomization tests or multiple testing corrected analytical thresholds) do
not account for this. We included the expression data from F; and par-
ental lines (15 additional measurements) for the 50 best QTL and compared
the test-statistics to the analysis based on BXD data only. To evaluate the
effect of including parental lines and F in the absence of QTL effects,
we also simulated 100 replicates of 35 lines for each of the three fol-
lowing scenarios. (1) a population of 35 RIL with no QTL segregating
(all phenotypes sampled from a normal distribution with mean 0 and SD
4). (2) A population with 32 RIL sampled from the same distribution as
in Equation (1), with, in addition, two parenta lines, on average, one
phenotypic SD difference between them, and an F; line with mean 0. (3)
As in (2) but with two phenotypic SD difference between the two par-
ental lines. Genotypes of the existing BXD lines were used throughout,
with founder lines and F; being BB, DD and BD, for al loci, respect-
ively. We calculated the increase in the test-statistic and the significance
threshold for all three scenarios to evaluate the effect of line differences not
specifically associated with any individual marker on the significance test
for QTL.

2.2.4 DensityofthegeneticgridinQTL analysis Thecomputational
demand of QTL mapping can be decreased by using a sparser genetic grid
for a genome scan. Most of the currently used QTL mapping strategies are
based on interval mapping where QTL are evaluated at regular intervals
(e.g. 1 cM) on the genetic map. In asituation where markersarefully inform-
ative Coffman et al. (2003) suggest that a genome scan using single marker
information can be equally or even more powerful than analyses based on
flanking markers. We evaluated three alternatives. The first grid was based
on genetic marker locations (single marker mapping) where at the marker
positionsthe BXD lineswere classified as either of the two possible homozy-
gote genotypes (BB or DD). Lineswith missing marker genotypeswere given
uninformative status. The second grid was the same density and also based
on genetic marker locations, but markers with missing data were assigned
the interval mapping genotypic probabilities calculated from information on
adjacent markers (Haley and Knott, 1992). This was termed marker position
mapping. The third grid was based on the genetic map (interval mapping).
The probability of each line being either of the two genotypes was estimated
at 1 cM intervals throughout the genome (Haley and Knott, 1992). Follow-
ing Lynch and Walsh (1998) the expected map expansion in an RIL was
accounted for.

2.25 dgnificance testing

Randomizationtesting. Randomization testingiswidely used in QTL map-
ping to obtain empirical significancethresholdsfor QTL detection. However,
the method increases the computational demand of the analyses by at least
a factor of 1000 (i.e. the number of permutations used). It is therefore
tempting not to derive trait specific significance thresholds, but instead use
analytical significance thresholds or a universal randomization threshold (an
average threshold from randomization tests for a subset of traitsin the study)
in QTL mapping (Schadt et al., 2003). In the present study, randomiza-
tion testing (n = 1000) was used to derive trait specific genome-wide

significance thresholds (Churchill and Doerge, 1994; Doerge and Churchill,
1996).

2.2.6 Multipletesting and post-hoc inferences Performing genome
scans for all transcripts that are represented on a microarray introduces two
levels of multiple testing. A total of 12442 gene transcripts are tested for
association with markers covering the entire mouse genome. We choose to
control the genome-wide error rate by permutation tests as described above
and explore alternative strategies to deal with the large number of transcripts
evaluated.

False Discovery Rate (FDR). A competing approach to the traditional stat-
istical approach of introducing penalties to account for multiple testing (e.g.
using Bonferroni corrections) are methods based on controlling the false
discovery rate (FDR) (Hochberg and Benjamini, 1990). Instead of trying
to control the Type | error rate of the study by increasing the significance
threshold for each result, this method is aimed at estimating the propor-
tion of the significant QTL that are likely to be Type | errors. The FDR
is defined as the proportion of results where the null hypothesis is true
among those results that were called significant. We used genome-wide
empirical P-values to estimate the FDR across all QTL transcripts or stra-
tegically chosen subsets of data. Applications of the FDR often assume a
priori that all tests represent true null hypotheses. We also evaluated an
aternative technique for FDR calculation that includes empirical estima-
tion of the proportion of true null hypotheses using the QVALUE package
(http: //faculty.washington.edu/~jstorey / qvalue/index.html) (Storey and
Tibshirani 2003).

Theeffect of more stringent thresholdsonthe FDR.  While 1000 permuta-
tions are sufficient to obtain a reasonable estimate of the 5% genome-wide
thresholds, additional permutation is needed to estimate smaller P-values.
For the 256 most significant QTL, we performed up to 1000000 permuta-
tions to obtain more precise estimates of their genome-wide P-values and
reevaluated the FDR for these gene transcripts.

Censoring based on the repeatability of thedata. Asoutlined, therepeat-
ability isameasure of the degree of genetic control of agiven transcript level.
Assuch, the repeatability could be used to identify genesthat have ahigher a
priori expectation for detection of QTL. Focussing the analyses on only those
transcripts that exceed a certain repeatability not only decreases the overall
multiple testing problem, but will also give a set of transcripts that should
be enriched for QTL compared to the whole set of transcripts. In this study,
we analysed all gene transcripts for eQTL and demonstrated the potential
effects of censoring by repeatability on the FDR retrospectively. We verified
by simulation that variation in the repeatability in the absence of any QTL
did not affect the distribution of the test statistic (datanot shown). Therefore,
we do not expect the estimation of the FDR to be affected by this type of
censoring.

Use of location information in evaluating putative QTL.  When mapping
QTL affecting gene expression, the location of the mapped transcript is often
known a priori. The probability of spuriously finding a QTL mapping to the
location of the gene transcript (cis-acting QTL: the QTL maps to the same
genomic bin as the transcript) can be postulated to be:

o

nb’

where « is the genome-wide significance threshold and nb is the number
of genomic bins. The size and number of genomic bins depends on which
confidence interval is used for the QTL. If the abundance of cis-acting QTL
is greater than that expected by chance, this additional source of information
can be used to increase the number of significant cis-acting QTL. Across
the 12422 traitsin our model system, about 17 cis-acting QTL are expected
by chance when the definition of a cis-acting QTL is based on a 40 ctM
genomic bin, up to 20 cM either side of the transcript location, where the
transcript location is (P.;; = 0.05/37 ~ 0.0014). When 20 and 10 cM
windows are used, the expected number reduces to 10 and 4, respectively.
This prior expectation can be used to calculate a FDR of cis-acting QTL in
the genome scan.

Pcis =
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3 ALGORITHM

3.1 Genomic search algorithms

A genome scan involves fitting a statistical model at multiple loca-
tionsin the genomic grid with the objective of finding the location(s)
inthe genome with significant statistical support for one QTL or sev-
eral QTL. The mapping procedure can be multidimensional when
searching for multiple QTL. Two search algorithms were used to
select the locations for the QTL.

311 Forward selection We used a forward selection search
algorithm to reduce the multidimensional search for the QTL to a
series of one-dimensional (1D) searchesfor marginal effects of indi-
vidual QTL. The most significant QTL from a series of successive
1D genome scans are sequentially added to the multiple QTL model.
Good performance is expected when the QTL are independent (i.e.
non-interacting and non-linked) and the algorithm has been widely
used for this purpose previously. To be included in the model, a
QTL needed to exceed a 5% genome-wide significance threshold as
derived from permutation (Doerge and Churchill, 1996). For mul-
tiplelinked QTL, we imposed the restriction that at |east one marker
interval betweenthe QTL should be bel ow the significancethreshold.

312 Exhaustive search An exhaustive (enumerative) search
involvesfitting the statistical model at al nodesin the (1D or multidi-
mensiond) grid. Thebest location inthegrid, at the given resol ution,
will be found when all locations are evaluated, but at a high compu-
tational cost (>1500 tests for agenome scan at 1 cM intervals). We
used an exhaustive search in the repeated 1D genome searches for
QTL with marginal effectsincluded in the forward selection proced-
ure described in Section 3.1.1. Although the analytical softwarewas
equipped to perform two-dimensional (2D) genome scans for epi-
static QTL (Carlborg, 2002), the current experiment was too small
to detect epistasis and we will only report on the analyses for main
(additive) effects.

3.2 Paralle algorithm for QTL mapping

QTL mappingisvery suitablefor parallel computing (Carlborgetal.,
2001; Carlborg, 2002) and substantial reduction in elapsed time for
computations can be obtained by parallelization of genome scans
and randomization tests. When large numbers of traits are analysed,
e.g. in QTL mapping using expression data, parallelization can be
efficiently implemented acrosstraitsaswell. Here, we used aparallel
agorithm where input of data is done in a seria part of the code.
The analyses of individua traits are then distributed to » individual
processors (up to 512 for the present analyses) and when the analyses
are complete, theresults are collected from theindividual processors
to a master node, which writes the output to disk. Output can be
restricted to traitsfor which QTL exceeding a prei dentified threshold
have been detected.

4 IMPLEMENTATION

The analysis program used for these analyses has been developed
by the authors (Carlborg, 2002), written in Fortran90 and adapted
for parallel computation using MPI. The software is available from
the authors on request. The codeis highly optimized and the parallel
agorithm used gives a nearly linear speedup for the 256-512 pro-
cessors used in these analyses. The analyses were performed on a
512 processor SGI Origin 3000 at CSAR, Manchester, UK.

5 RESULTS

Theresultswill be presented in threeparts. In thefirst section wewill
describe two properties of the BXD data: the power to detect QTL
for this experiment and the repeatabilities of the gene transcripts. In
the second section we will focus on comparisons between different
scenarios and computational aspects of the analysis. In the third
section we will elaborate on various strategies to improve the FDR
of the BXD experiment.

5.1 Distribution of repeatabilitiesfor the BXD
phenotypes and statistical power to detect eQTL

The distribution of the repeatabilities for the 12422 expression
profiles showed that approximately half of the transcripts had repeat-
abilities <5% and only asmall proportion (<1%) had repeatabilites
>45% (Fig. 1). Theobservationswith repeatability >0.35 (n = 390)
were treated separately with regard to statistical inferences (FDR)
and comparisons between methods as the high repeatability (HR)
data set. The statistical power to detect QTL with 29 BXD linesis
presented in Table 1 for atrait where 50% of the varianceisattributed
to BXD line and 50% to environmental and technical noise. For the
present experiment with, on average, 3 replicates per line, there was
reasonable power to detect QTL with an effect >0.5 phenotypic SD.
For smaller QTL effects, there was little power of detection, even if
the number of replicates per RIL was increased to 10 (Table 1).

5.2 Analytical components of the QTL mapping

strategy

All results reported are, unless otherwise stated, the margina effect
of a specific component of the QTL mapping strategy across all
other components. To prevent the potentially meaningless compar-
ison between many false positive results, we focus on the results for
the HR dataset which we expect to be enriched for true QTL.

5.2.1 Sdection of the genetic grid for QTL analysis There was
a high degree of similarity between the results from using all three
genetic gridsusing thecorrel ation measures(correl ations0.93-1.00).
There were high correlations between the highest F-statistics (0.94—
0.95) for interval mapping and marker position mapping. Theaverage
number of QTL detected by these methods was also very similar (92
versus 91 in the HR dataset). The individual scenarios indicate that
in some cases interval mapping detects more QTL and in others
marker position mapping. The set of detected QTL between scen-
arios was fairly similar (correlation 0.92). On average, the interval
mapping procedure gave higher maximum F-statisticsthanthesingle
marker and marker position mapping, but this was counteracted by
atendency for higher thresholds for interval mapping.

5.2.2 Satistical method for parameter estimation Preliminary
analysisusing inverse variance weighted least squares for parameter
estimation gave markedly different results than al other anaysis
methods in the test data. Thisis probably due to the wide variation
in weights due to the poor estimation of within-line variances. Due
to this, the method was not evaluated further using the full data-
set. In the HR dataset, there was a very high correlation between
the set of QTL identified by using ordinary least squares on raw
means or repeatability weighted least squares (0.98). The agreement
between the maximum test statistics was also very high (1.00). The
correlation between the estimates of QTL locations was 0.90. This
strong correl ation between results from using weighted least squares
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Fig. 1. Distribution of the repeatibilities for the 12 422 gene transcripts in the BXD study.

Tablel. Thestatistical power to detect QTL using 29 BXD lines, given 50%
heritability of the trait and anominal threshold of P < 0.001

QTL effect Number of replicate measurements for each line
(PhenotypicSD) 1 3 10
0.25 0.02 0.04 0.06
0.40 0.11 0.23 0.32
0.50 0.24 0.50 0.68
0.60 0.50 0.84 0.96
0.75 0.87 0.99 0.99

or ordinary least squares suggests that the analyses are fairly robust
against variance heterogeneity due to differences in the number of
replicates.

5.2.3 Sgnificance testing Randomization testing was used to
derive empirical genome-wide significance thresholds for each ana-
lysed trait. Figure 2 shows a representative distribution of the
genome-wide 5% significance thresholds (F-statistics) obtained by
randomization testing for the 12 422 traitsin thefull dataset. Thefre-
quency distribution of the thresholds is nearly normal with a mean
of 19.5, avariance of 7.0 and arange from 9.7 to 28.1. Additional
permutation tests (n = 256) for the traits with the most extreme
thresholds showed that the thresholds for the individua traits are
very stable with repeated permutation (Fig. 2). This rather broad
distribution of threshold levels across traits implies that thresholds
should be calculated for individual traitsrather than using consensus
thresholds form averaging or literature.

The analyses also revealed a positive correlation between the
maximum F-statistic in the actual data and the empirical signific-
ance threshold (0.22) and between the maximum F-statistic and the
repeatability of the trait (0.20). This indicates that the significance
thresholds obtained in the real data are higher for traits with high
maximum F-statistics (which also happen to be the traits with the
highest repeatabilities).

5.24 Useof Parental and F; observationsin QTL analyses The
results from the simulation study evaluating the effect of including
the parental and F; individualsarereported in Table 2. The LRT test-
statistic increases in the populations where a parental difference but
no QTL was simulated, but there was no corresponding increase in
the significance threshold derived empirically by permutation. The
same can be observed for the 50 transcripts with the most significant
QTL (Table 2).

To evaluate the potential impact of including the parental linesin
analysing the BXD data, we plotted the distribution of the observed
differences between the parental lines (in phenotypic SD) for the
12422 traitsin the BXD data (Fig. 3A). It was observed that ~2400
traits had a difference of >1 SD between the parental lines and 81
traits had a difference of >2 SD. Figure 3B shows the distribution
of these differences between the parental lines for the 50 traits in
the datawhere the lowest P-valuesfor detected QTL were observed
when the parental meanswereincludedintheanalysis. Clearly, when
the parental lines are included as though they are additional RI lines,
avery high proportion of the highest significancevaluesare observed
for traits with large parental phenotypic differences. Our simulation
results suggest that these values may be inflated by the parental dif-
ference even if no QTL is present. For this reason all other results
we report are for data from the RI lines aone, without the inclusion
of the parental line data.

5.3 Inferenceson theeQTL results

5.3.1 Applications of the FDR The number of QTL detected in
the full dataset ranges from 608 to 663 across the analysis scenarios
with amean of 629. The use of a5% genome-wide significancelevel
for each trait impliesthat 12422 x 0.05 = 621 false positive results
were expected. The number of significant QTL acrossall transcripts
just exceeded the number expected by chance. However, application
of the FDR combined with other sources of information can be used
to make moreinformed inferences. The estimated proportion of true
null hypotheses for this dataset was very close to unity. This means
that the method of Storey and Tibshirani (2003) and the standard
FDR calculations will provide similar results.
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highest and lowest significance thresholds, respectively.

Table 2. The effects of including parental RI lines (P and Fi) in the
QTL analysis on the test-statistic and the empirically derived significance
thresholds

Scenario Relative test-statistic ~ Relative significance
threshold

NoPor Fq, 1.004+0.01 1.00+0.01
simulation

P and F; included, 1.134+0.01 1.00+0.01
1 SD between P means,
simulation

P and F; included, 1.15+0.01 1.00+0.01
1 SD between P means,
simulation

P and F; included, 1.10 4 0.005 0.98 4 0.004

50 genes with most
significant QTL
from BXD data

More stringent genome-wide thresholds. When using 1000 per-
mutations, we could not estimate P-values <0.05 very accurately.
By increasing the number of permutations we can obtain reasonable
estimatesof P-values <0.05. By using up to 1 000 000 permutations,
52 QTL could be identified at a 30% FDR (P-values <0.00125).

Post-hoc censoring by repeatability. There was a positive cor-
relation between the number of detected QTL and the repeatability.
The analyses have very low power to detect QTL for traits with
repeatability <35%. Figure 4 shows how the proportion of traits
with significant QTL increased with the repeatability in analyses of
the full dataset. By censoring the datainto datasets with aminimum
repeatability, itispossibleto identify groups of traits wherethe num-
ber of significant QTL is much greater than the expected number of
false positives. Figure 5 gives an example of this, where the FDR
decreases from ~100% in thefull dataset to ~5% in the dataset con-
taining the traits with repeatability >70%. By using this approach, a
set of 112 QTL could be identified using a 30% FDR in the groups
of transcripts with a repeatability >0.30 and a set of 12 QTL could
be identified using a 5% FDR in the groups of transcripts with a
repeatability >0.70.

Transcript location.  The transcript location can be used as pos-
terior informationtoincreasethe confidencefor apparently cis-acting
QTL. Of the 663 putative QTL detected using a given scenario, 155
mapped to the same chromosome as the gene transcript studied.
Eighty-six QTL mapped within £5 cM of the gene, an additional
37 mapped within £10 cM (total 123) and 20 more mapped within
420 cM of the gene (total 143). Given that the expected number of
spurious cis-acting QTL are 4, 10 and 17, respectively, and without
taking account of the confidence intervals, these results indicate that
nearly all cis-acting QTL among the results are expected to represent
true effects. Thisis true even for QTL falling into the band of 10—
20 cM from the gene and probably represents the wide confidence
interval on an estimated locationin astudy of thissize (i.e. evenif the
QTL locationisactually coincident with the gene, mapping accuracy
issuch that its estimated location will often be some distance away).

Figure 6 shows the distribution of repeatabilities for the QTL that
map within 20 cM of the gene (i.e. cis-acting QTL) as well as the
proportion of total number of genes in each repeatability bin for
which cis-acting QTL were detected. It can be seen that the majority
of the cis-acting QTL are for genes with repeatabilities >0.35. Even
though quite a large number of the QTL were detected in the low
repeatability groups, this merely reflects the very large number of
genes in those groups, as the proportion of genes for which a QTL
was found is very low. It also shows that for the HR classes the
probability of detecting at least one significant cis-acting QTL gets
rather large. Furthermore, looking at all detected QTL we find that
when the trait repeatability >0.40, about 70-80% of the detected
QTL are cis-acting (data not shown).

6 DISCUSSION

The major challenges for implementation of genetical genomics are
theintegration of the available technology and the scaling up of both
microarray analyses and QTL mapping methods. The main focus of
this study has been to thoroughly eval uate the adaptation of existing
QTL mapping strategy to the mapping of QTL affecting gene expres-
sion. A real dataset of BXD mice hasbeen used for thisbecausethere
is not enough information about the genetics of gene regulation in
the literature to design a redlistic simulation study. Some simula-
tions were used to test performance of methods in the absence of
QTL effects. It should be noted that the BXD data originated from
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Fig. 3. Histograms of mean gene-expression differences between founder linesfor all transcripts (A) and the transcripts for which the 50 most significant QTL

were found (B).
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Fig. 4. The percentage of gene transcripts with at least asingle QTL asafunction of the repeatability for the analysed trait.

an earlier extraction of the expression data using MAS 5.0 than that
reported by Chedler et al. (2005), who also used alternative meth-
ods to extract the expression data such as robust multichip average
(RMA). In this report we described extensive analyses, which sim-
ultaneoudly address several of the key issues in QTL mapping and
based on the results we have compiled a proposed strategy for auto-
mated mapping of QTL affecting gene expression. This strategy is
outlined in Figure 7 and aspects of the individual components are
discussed below.

The repeatability describes the proportion of the variance of a
single measurement that is due to genetic and permanent environ-
mental differencesbetween lines. It isalso the upper boundary of the
heritability and it can be used to estimate the ‘effective’ heritability
in a population when multiple measures are available. The expecta-
tion of the repeatability is not affected by the number of replicates,
but the ‘effective’ heritability of the mean of a number of measures
(which is a function of the repeatability) increases as the number

of replicates increases (Falconer and Mackay, 1996). As shown by
Knapp and Bridges (1990), replication in a QTL mapping experi-
ment only increases power when; (1) all genetic variation between
linesis explained by QTL parameters and (2) when the total number
of phenotypic measurements that can be collected is unlimited. This
suggests that for QTL mapping the use of multiple microarrays per
lineisrecommended when the number of availablelinesislimited as
itisin the case of RIL. Otherwise, if the main concern isimproving
the power to detect QTLS a better option would be increasing the
number of lines rather than the number of individuals per line. The
repeatability can also be used as ameans of censoring the data prior
to QTL analyses. To reduce the environmental error the replicates
should be sampled as uniform or balanced as possible with regard to
environmental and biological factors (time-point, gender, etc.)

The average number of QTL detected across all scenarios (624)
was very closeto the number expected by chance (621) when 12 422
traitswere anal ysed using a5% genome-wide significancethreshol d.
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The ability to detect QTL is thus limited in this experiment and
it is difficult to separate potentially true QTL from Type | errors.
However, in Section 5.3 we outlined the use of prior genetic inform-
ation that can be utilized in a genetical genomics study to improve
the FDR and to separate the detected QTL to ‘high-confidence’ and
‘low-confidence’ significant QTL.

The power to detect QTL wasshownto begreater for HR traitsthan
for traits with low-repeatabilities. By separating the results post hoc
according to the repeatability of the trait whilst monitoring the FDR
for high and low-repeatability traits, a reduced set of HR traits can
be identified where the FDR is considerably smaller than that in the
entire dataset. If the computational resources are limited, we recom-
mend that thetraits be analysed in order of decreasing repeatabilities
to obtain the most reliable resultsfirst. To reduce the multipletesting
problem, one can also choose to analyse only transcripts that exceed
apredefined level of repeatability.

A further source of prior genetic information when mapping QTL
affecting gene expression isthelocation of the gene whose transcript

is analysed. By comparing the expected colocalization of QTL and
gene-transcripts with that observed for the genome-wide significant
QTL, itispossibleto calculate an FDR for the potentially cis-acting
QTL. In the BXD data, there was about 80% overlap between cis-
acting QTL and the high-confidence QTL based on the repeatability
calculations. This coincidence of cis-acting and high-confidence
QTL suggests either amajority of QTL controlling expressions are
cis-acting in this study, or perhaps that cis-acting QTL can have a
large effect and thus tend to have higher repeatability.

Inastandard FDR cal culation, very large numbers of permutations
(up to 1000 000) are used to obtain an experiment-wide FDR based
on very stringent P-values, resulting in 52 QTL detected at FDR
of 30% in the present study. The joint use of trait repeatabilities
and gene transcript location led to the identification of 168 high-
confidence QTL using an FDR of 30% for the repeatability based
tests and an FDR of 12% for 40 cM bins for the cis-acting QTL,
which is a marked improvement compared to the 52 QTL detected
whenusing an FDR based on P-valuesonly. Thereisalsoasavingon
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location of gene transcript

Fig. 7. Anautomated strategy for mapping QTL affecting gene expression. Further explanations of the componentsin the figure can be found in the text.

computing time because 1000 permutations are sufficient to estim-
ated genome-wide P-values of 0.05. This clearly demonstrates how
genetic information can be incorporated in a statistical framework
for significance testing and the procedure is highly recommended
when mapping QTL affecting gene expression.

When gene-expression data is analysed there are often groups of
transcriptsthat are highly correlated with one another. In this dataset,
for example, there exist cohorts of up to 250 transcripts, where al
transcripts have a correlation >0.7 with each other. This correlation
structure implies that most of the phenotypic information could be
extracted by analysing asmaller number of phenotypes, i.e. only one
representative transcript or afew principal components representing

the expression profile of the highly correlated transcriptsin acohort.
Lan et al. (2003) present a method to use principal components or
hierarchical clusteringtoreducethe dimensionality of QTL detection
for gene-expression data. This would reduce the number of actual
testsinthese QTL analysesand potentially improvethe FDR. Anana-
lysis based on these so-called supergenes would be most appropriate
for the detection of trans-acting QTL that affect multiple gene tran-
scripts. However, such analysis may fail to detect many cis-acting
effects, especialy if the cissQTL do not have any direct or indir-
ect trans-effects on other genes. Therefore, it may be desirable to
supplement an analysis based on reduced data (i.e. principal com-
ponents) with an additional analysis for cis-effects on individual
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genes. Such an analysis can be computationaly realistic as, for
each gene only a very small proportion of the genome needs to be
analysed.

Although inclusion of data on parental lines and F; has been
suggested (Jansen and Stam, 1994), we have shown that this may
increase the Type | error. Using simulations, we have shown that
the observed increase in the test-statistic, when including parental
observations, is present at all locations throughout the genome and
rather than increasing the power it increases the Type | error. Jansen
and Stam (1994) state that parental and F; observations should
only be used in a multiple QTL mapping framework in order to
divide the parental line difference among the cofactors and the QTL
region under study. We fed that, although their approach may not
inflate the Type | error, inclusion of the founder lines is unlikely to
have a clear benefit in improving the resolution or power of QTL
mapping.

Franken et al. (2001) use repeated measurements on BXD lines
as independent observations in a QTL study for sleep regulation.
We have shown by simulation that this approach leads to inflated
test-statistics and highly increased Type | errors (data not shown).
Because most QTL research is based on RIL means rather than on
individual observations no further details are given here, but results
from simulation and real data are available from the authors upon
request.

When multiple observations are available on the same experi-
mental unit, an analysis based on raw phenotypic means ignoring
any variance heterogeneity between units resulting from differences
in number of replicates per unit. We have evaluated weighted regres-
sion asan alternative and compared two different weights. Weighting
based on repeatability of the trait and the number of individuals
in each line was more robust than weighting based on the crudely
estimated within line variance.

Interval mapping isgenerally expected to give ahigher power than
single marker mapping. The expected increase in power has, how-
ever, not resulted in alarger number of significant QTL in this study
and appear to support the conclusions of Coffman et al. (2003) that
interval mapping isnot necessarily more powerful than single marker
mapping when markers are highly informative as in this case. With
increasing marker densities and particularly with markers that are
fully informative, as they are in RI lines or other crosses between
inbred lines, the difference between the two approaches is expected
to diminish. In large scale mapping studies where there is a consid-
erable computational demand, mapping of QTL at marker locations
is therefore recommended to improve the computational efficiency
of the study provided the marker density isfairly high.

The empirical significance thresholds, obtained from the random-
ization tests, vary substantially between traitsin this study and it has
been shown that thisisnot dueto the sampling variance (Fig. 2). This
impliesthat trait specific empirical thresholds should be used to draw
valid conclusionsfrom aQTL study. In contrast, Schadt et al. (2003)
used the same consensus LOD scores across al transcripts while
Brem et al. (2002) used nominal P-valuesfor their linkage tests and
only used permutation testing to predict the expected number of false
positivesunder Hp. Our findings suggest that further scrutiny of these
published resultsusing empirical thresholdsismerited. Althoughthe
heterogeneity of significance thresholds may be more prominent for
smaller studies, like the present example, investigators should verify
whether their threshol ds are homogeneous before imposing the same
threshold across traits.

There is a positive correlation between the level of the genome-
widethresholdsand thenumber of QTL detected for agenetranscript.
This demonstrates that the permutation test only approximates the
true null distribution, but bias of this type will make the test more
conservative and this is not considered too unfavourable. However,
testing for additional QTL for the sametrait requiresanew empirical
significance threshold, which accounts appropriately for the effects
of identified QTL.

In conclusion, genetical genomicsisanew and exciting areabut, as
we have showninthisreport, the adaptation of availabletechnologies
to this new framework is necessary. Here we provide more inform-
ation on technical aspects regarding QTL analyses, but more work
is necessary to optimize the design of the studies. Thisis especialy
true if one is to identify genetic interactions, which could poten-
tially provide important information for reconstruction of genetic
regulatory networks.
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