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Bimodal transcript variation in populations<p>Expression profiling of <it>Drosophila melanogaster </it>adult female heads for 108 nearly isogenic lines from two different popula-tions, and of CEPH lymphoblastoid lines, shows that differential expression of transcripts among individuals is due to a complex interplay of cis- and trans-acting factors.</p>

Abstract

Background: Populations diverge in genotype and phenotype under the influence of such
evolutionary processes as genetic drift, mutation accumulation, and natural selection. Because
genotype maps onto phenotype by way of transcription, it is of interest to evaluate how these
evolutionary factors influence the structure of variation at the level of transcription. Here, we
explore the distributions of cis-acting and trans-acting factors and their relative contributions to
expression of transcripts that exhibit two or more classes of abundance among individuals within
populations.

Results: Expression profiling using cDNA microarrays was conducted in Drosophila melanogaster
adult female heads for 58 nearly isogenic lines from a North Carolina population and 50 from a
California population. Using a mixture modeling approach, transcripts were identified that exhibit
more than one mode of transcript abundance across the samples. Power studies indicate that
sample sizes of 50 individuals will generally be sufficient to detect divergent transcript abundance
classes. The distribution of transcript abundance classes is skewed toward low frequency minor
classes, which is reminiscent of the typical skew in genotype frequencies. Similar results are
observed in reported data on gene expression in human lymphoblast cell lines, in which analysis of
association with linked polymorphisms implies that cis-acting single nucleotide polymorphisms
make only a modest contribution to bimodal distributions of transcript abundance.

Conclusion: Population surveys of gene expression may complement genetical genomics as a
general approach to quantifying sources of transcriptional variation. Differential expression of
transcripts among individuals is due to a complex interplay of cis-acting and trans-acting factors.

Background
It is well known that the structure of genetic and phenotypic
variation within and between populations is affected in a
complex manner by drift, migration, mutation, and selection.

Because the genotype is connected to the phenotype via tran-
script abundance, it behooves us to attempt to ascertain the
population structure of transcriptional variation as well.
Although robust theory exists describing the expected
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distribution of genotypic variation under a variety of evolu-
tionary scenarios [1-3], there is no theory describing the
expected distribution of transcriptional variation, and neither
are there many empirical data in this regard.

Numerous studies conducted in a range of species have dem-
onstrated that transcript abundance typically exhibits moder-
ate to high heritability [4-6]. Differential expression in the
range of 1.5-fold to 2-fold between any two individuals is
often seen for at least 10% of transcripts, whereas as many as
one half of all transcripts may be variable in a large sample of
individuals. Expression quantitative trait locus (QTL) studies
demonstrate a genetic component to much of this variation
that is due both to cis-acting and trans-acting factors, and fre-
quently more than 25% of the transcriptional variance can be
attributed to single regulatory QTLs (for review [7,8]).
Because it is now believed that regulatory polymorphism is
prevalent in eukaryotic genomes [9], it follows that there is
ample opportunity for the distribution of transcript abun-
dance to diverge between populations within a species [10,11].
The rate of divergence should be proportional to the level of
variation within populations, and this observation motivates
the development of quantitative measures of transcriptional
variation among individuals.

Transcriptional population structure can be described using
parameters that capture the mean, range, variance, and skew-
ness of the frequency distribution of each transcript meas-
ured by microarray analysis of individuals or inbred lines.
Whereas allele frequencies involve discrete entities, namely
single nucleotide polymorphisms (SNPs) or indels, that can
be counted and compared, transcript abundance is continu-
ous. It is therefore subject to measurement error, and robust
statistical approaches are needed to compare distributions,
preferably using likelihood-based measures. It turns out that
measurement of the descriptive parameters is strongly
affected by experimental methods as well as analytical
approaches such as normalization methods, and conse-
quently epistemologic issues must be confronted in the
description of transcriptional population structure.

To the extent that transcript abundance is strongly affected by
major regulatory factors, it may also be possible to observe
bimodal or even multimodal distributions. The relative
weight of these modes should vary among populations as a
result of divergence in allele frequency of the regulatory fac-
tors. Thus, if a promoter polymorphism that reduces tran-
scription measurably in homozygotes is at a frequency of 0.2
in one population and 0.5 in another, then the relative abun-
dance of the low transcript abundance class will be expected
to be less than 5% in the first and as much as 25% in the sec-
ond population. Depending on the degree of dominance of the
effect, two or three 'transcript abundance classes' (TACs) will
be detected. If the regulatory polymorphism affects the abun-
dance or activity of a trans-acting factor, then the abundance
of numerous target genes should be affected in parallel,

resulting in 'transcriptional cliques' that exhibit correlated
patterns of gene expression across a sample of individuals [6].

In this report we document the existence of TACs in a large
sample of two North American populations of Drosophila
melanogaster, as well as in previously published data on gene
expression in lymphoblast cell lines from the Centre d'Etude
du Polymorphisme Humain (CEPH) grandparents [12,13]
(also see the CEPH website [14]). In both cases the distribu-
tion of minor TAC frequencies is observed to approximate the
expected distribution of allele frequencies under an infinite
sites model, because there is an excess of minor TACs with
frequencies less than 10%. This observation is consistent with
the hypothesis that a considerable proportion of transcrip-
tional variation might be attributed to segregating neutral or
nearly neutral alleles, but follow-up association tests in the
CEPH data indicate that only a small proportion of the bimo-
dality is actually attributable to cis-acting polymorphisms.
Population profiling should be considered a complement to
genetical genomics [8] for dissecting the quantitative genetics
of gene expression.

Results
Transcriptional divergence between North Carolina 
and California populations
Population-based gene expression profiling of adult female
Drosophila heads was performed using cDNA microarrays, as
part of a study of the quantitative genetic basis for nicotine
resistance in Drosophila melanogaster [15]. A total of 216
hybridizations were performed, with each array contrasting
RNA from control and nicotine-treated flies derived from two
different lines from either a North Carolinian (NC) sample of
58 lines or a Californian (CA) sample of 50 lines. A rand-
omized loop design [16] was used with just two replicates of
each line and drug treatment, one for each of the Cy3 and Cy5
fluorescent dyes. Each array contains 4,385 unique expressed
sequence tag amplicons that were initially isolated by the Ber-
keley Drosophila Genome Project [17].

Following quality control and normalization (as described in
Materials and methods [see below]), two-way hierarchical
clustering was performed to visualize the overall structure of
variation in the entire sample. In Figure 1 each row is a tran-
script, and each column a line of flies. Magenta signifies rela-
tively high transcript abundance and blue low abundance.
Two results are immediately obvious. First, lines from each of
the two populations form two distinct clusters, due largely to
hundreds of genes that apparently have different relative
abundance between the NC and CA samples, many of which
are indicated by thick lines to the right of the heatmap. Sec-
ond, some genes are more variable among lines than others,
in both populations, and some of these that cluster together
are highlighted with thin vertical lines.
Genome Biology 2007, 8:R98
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The apparent, striking divergence between NC and CA is
almost certainly over-estimated by this analysis, because the
population of origin of each line was confounded by an exper-
imental batch effect. For reasons unrelated to this study, the
NC and CA hybridizations were performed 4 months apart. In
an attempt to confirm the differentiation, after the initial
analysis was completed a series of hybridizations was per-
formed contrasting lines from each population on the same
microarrays. These new samples did not separate the popula-
tions cleanly, and cluster as their own group within the NC
cluster, when they are analyzed together with the main data-
set (data not shown). The reasons for the batch effect are
unclear, because two slide printing runs and batches of
enzyme were performed with each sample, and the same per-
son (GPG) performed all of the hybridizations. It may pertain
to an ozone effect or some other seasonal variable [18]. In any
case, the mean differences in inferred transcript abundance
across the 58 NC and 50 CA lines are not a reliable indicator
of transcriptional divergence between the populations in this
dataset.

By contrast, there are several interesting patterns of variation
among lines that may be more informative indicators of tran-
scriptional population structure. Figure 2 plots the relative
fluorescence intensity, averaged across all four measure-
ments for each NC line (that is, two dyes and two drug condi-
tions), for one gene that exhibits strong variance among lines
(Figure 2a) and for one that is fairly uniform (Figure 2b). As
noted by others, the power to detect line effects in an experi-
ment with low replication is low [4,5] but, depending on the
method of normalization and the population, between 3%
and 11% of the 4,385 transcripts exhibit a random line effect

that is greater than the residual error in an analysis of vari-
ance (Table 1). This is likely to be an underestimate of the
number of genes that exhibit significant heritability for tran-
scription, because replicated comparison of the most extreme
lines for each gene would indicate many more significant
differences.

For most individual genes, the range and variance of tran-
script abundance are very similar between the two popula-
tions. Comparison of these parameters does not provide any
evidence for divergence in variability between the popula-
tions. Although the mean transcript abundance for each pop-
ulation is often significantly different, as described above, this
may be attributed to batch and normalization artifacts. A
more robust approach to detecting transcriptional divergence
is to define first the structure of variation within each popula-
tion, focusing on the distribution of variation within the NC
and CA samples considered separately.

Mixture modeling of bimodal transcript distributions
If major effect alleles influence gene expression, then tran-
script abundance might be expected to split into two or more

Two-way hierarchical clustering of abundance of all transcripts in NC and CA samplesFigure 1
Two-way hierarchical clustering of abundance of all transcripts in NC and 
CA samples. The heat map indicates relatively high abundance in magenta 
and low abundance in blue, with each row corresponding to one gene and 
each column one line of flies. Thick bars to the right indicate genes that 
appear to differentiate the NC and CA samples, whereas the thin bars 
highlight genes that have polymorphic expression in both samples. CA, 
California; NC, North Carolina.

California North Carolina

Line means for two typical transcripts across the NC sampleFigure 2
Line means for two typical transcripts across the NC sample. Each plot 
shows the mean relative fluorescence intensity on a log base-2 scale for 
the four samples (two control and two nicotine-treated) of each line in 
random order (± 1 standard deviation unit). (a) CG7843 (unknown gene 
that is predicted to be involved in defense/toxin response) is an example 
of a gene with bimodal abundance, with the minor transcript abundance 
class centered approximately fourfold more abundant than the average 
transcript on the array (relative fluorescence intensity = +2), and the 
major transcript abundance class (TAC) twofold less abundant than the 
average (relative fluorescence intensity = -1). (b) CG12141 (encoding 
Lysyl tRNA synthetase) is a gene with a single mode of transcript 
abundance, given the variance among and within lines.
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modes. Rather then asking whether the frequency distribu-
tion of abundance deviates from a single normal distribution,
we employed mixture modeling [19] to evaluate whether the
data are explained better by superposition of multiple distri-
butions. This analysis was performed on each population sep-
arately to avoid confounding by the overall population/batch
effects. Mclust software [20,21] was used to identify the opti-
mal weighting of and deviation between n modes that maxi-
mizes the likelihood. A Bayesian Information Criterion was
then employed to choose the best model with n = 1, 2, 3, 4, or
5 modes. Simulations assuming a single normal distribution
of expression values established a false-positive rate of 4% for
identification of bimodal distributions. By contrast, evaluat-
ing each population separately, we detected between 7% and
10% of transcripts as having bimodal or trimodal abundance
distributions in both the NC and CA populations. Table 1
shows the number of transcripts assigned to multiple modes
for population as well as combined analyses. The percentage
of genes common to both populations is approximately 12% of
the number in either population alone, implying significant
overlap, with 48 genes at least bimodal in both the NC and CA
samples following mixed model normalization, and 33 follow-
ing loess normalization. Several examples of transcripts with
bimodal distributions that have similar shapes in both popu-
lations are provided in Figure 3.

Given this evidence that almost twice as many genes are
expressed bimodally than expected by chance, we can assign
transcripts to TACs. Figure 4 panels a and b show the distri-
bution of differences between the means of the major and
minor TACs for each transcript in the NC and CA samples
respectively; panels c and d show the proportion of alleles in
the minor TAC. Most TACs diverge between 1.5-fold and 4-
fold, but differences as great as 16-fold are observed occasion-
ally; these typically involve just a handful of lines in the minor

TAC. There is also some suggestion that expression differ-
ences tend to be greater in the CA sample.

The distribution of minor TAC proportions is decidedly L-
shaped; the majority of minor modes contain fewer than 10%
of the transcript abundance measures, but there is a range of
values up to equal frequency of the low and high classes. This
observation is reminiscent of the distribution of genotype fre-
quency classes known as the Ewens sampling distribution
[22,23]. The most parsimonious explanation for this similar-
ity would be that rare alleles segregating under neutrality act
in cis to drive the observed bimodality of transcription. In
Figure 4d we have superimposed the expected distribution of
SNP frequencies under an infinite sites model for three differ-
ent values of the population parameter 4Nμ on the observed
distributions of minor transcript abundance classes in the CA
sample. The lower two curves represent expected values for
Drosophila melanogaster [24], and the histogram of the
transcript distribution lies within this range, which is consist-
ent with this simple explanation. Unfortunately, there is no
current theory by which to derive an expected distribution of
TACs under alternative models of regulation. Trans-acting
polymorphisms under some scenarios may produce a similar
distribution of TACs.

In evaluating the relationship between the TAC and SNP fre-
quency distributions, there are numerous issues of ascertain-
ment bias that remain to be addressed. There appears to be a
slight excess of minor TACs in the range of 0.05 to 0.1 in both
populations, but this may be a result of a strong tendency to
underestimate the number of rare TACs observed in just one
or two lines, as well as failure to detect TACs with only small
mean differences. We used simulations to estimate the false-
negative rate for each of these two classes of error, and used
those estimates to infer more realistic true distributions of

Table 1

Number of bimodally expressed genes

Sample Modela Line effectb Bimodalc

NC Raw data 297 206

Mixed model normalization 192 324

Loess normalization 470 304

Both mixed and loess 188 162

CA Raw data 285 243

Mixed model normalization 119 409

Loess normalization 406 319

Both mixed and loess 114 131

Common to both CA and NC 204 69d

a'Raw data' refers to analysis directly on the log transformed raw fluorescence intensity measures, without normalization to remove array effects. 
'Mixed model' refers to gene-specific models after mixed model normalization (as described in Materials and methods). 'Loess normalization' refers 
to analysis after loess treatment of the arrays. Note that loess increases the number of genes with significant line effects, but it reduces the number 
with apparent bimodality. bThe number of genes exhibiting greater line variation than the residual when treating the line effect as a random factor. 
cThe number of genes for which the mixture modeling indicates a greater likelihood that the distribution of transcript abundance across lines has 
two or more modes. dThe total number of genes with bimodal expression in both populations, either from the mixed (48 genes), loess (33 genes), or 
both modes of analysis (12 genes). CA, California, NC, North Carolina.
Genome Biology 2007, 8:R98
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TACs (see Figure 2c for the NC sample). The precise shape of
these distributions is heavily influenced by error in the detec-
tion of rare TACs, and so there is little point in performing
tests of goodness-of-fit between TAC and SNP distributions,
but it is clear that there is a heavy skew toward an excess of
rare or intermediate frequency TACs.

In Drosophila, the high level of polymorphism combined with
a low level of linkage disequilibrium, and hence haplotype
block structure, impedes association mapping using tagging
SNPs [25-27]. To test whether cis-acting SNPs might account
for TACs, we sequenced, from 43 of the NC lines, a short 1.8
kilobase (kb) gene (CG31231) that is sandwiched tightly
between two other genes and that exhibits transcriptional
bimodality in both populations. Three out of 16 common,

independently segregating SNPs were observed to correlate
with transcript abundance, one being a synonymous substitu-
tion with a rare allele frequency of 0.23 that explains 9% of
the transcript abundance at P = 0.03 (t-test) on both control
and nicotine diets. This SNP accounts for less than half of the
bimodality of CG31231 expression and would not be detected
in a genome scan for association with expression.

Power to detect transcriptional abundance classes
Many truly multimodal distributions will appear as skewed
single normal distributions. This is most likely to occur where
the expression is noisy, the magnitude of expression differ-
ence between the abundance classes is small, or the frequency
of the minor class is small. To investigate the effects of sample
size, the magnitude of differentiation, and proportion of

Six examples of bimodal TACs in both populationsFigure 3
Six examples of bimodal TACs in both populations. Each plot shows the frequency distribution in the North Carolina (NC) sample (solid curve) and 
California (CA) sample (dashed curve). Units along the x-axis are log base-2 relative fluorescence intensity after mixed model normalization. The top two 
rows show transcripts with similar distributions in both populations. The bottom two rows show two transcripts with apparently different distributions in 
NC and California (CA), both encoding larval serum proteins. TAC, transcript abundance class.
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abundance classes on power to detect bimodal expression,
Monte Carlo simulations were performed. The standard devi-
ation of the line means was held constant at 0.2 log base-2
units (based on the average standard deviation in the Dro-
sophila experiments) and 3,000 datasets were simulated.
Power is estimated as the detection rate of bimodality using
the mixture modeling approach. The results are presented in
Figure 5.

Sample sizes of at least 50 lines appear to be quite adequate
for detection of bimodality across a range of minor TAC fre-
quencies (Figure 5a). Whereas 30 lines is insufficient for a
minor proportion of 0.05, 80% detection rate is achieved for
a twofold difference in magnitude between the minor and
major TAC means so long as at least 50 lines are surveyed.
This threshold reduces to 1.7-fold for surveys of 100 lines. For

equal proportions of the two TACs, a similar power is
observed irrespective of the sample size. Consequently, if at
least three out of a sample of 50 or more lines are 1.7-fold dif-
ferentially expressed relative to the remainder of the sample
whose standard deviation is less than 1.2-fold, there is good
power to detect differential expression. Clearly, satisfaction of
these criteria is more likely as the quality of the microarrays
improves and more replication is performed.

Furthermore, detection rates are only strongly affected when
the frequency of the minor TAC drops below 10% (Figure 5b).
For a 1.5-fold difference in abundance (that is, 0.6 log base-2
units), the detection rate ranges from 30% to 70% as sample
size increases from 30 to 100 lines and the proportion of the
minor TAC is greater than 0.1. Subsets of fewer than five lines
are only assigned to a separate mode if they are at least

Parameters of bimodal transcription abundance classes in Drosophila by populationFigure 4
Parameters of bimodal transcription abundance classes in Drosophila by population. (a, b) Histograms of magnitude of differences between modes of the 
two transcript abundance classes (TACs), on a log base-2 scale, in North Carolina (NC) and California (CA), respectively. In both populations the median 
difference is between 1.5-fold and 2-fold, but a few transcripts exhibit differences as great as 16-fold. (c) Histograms of observed (solid bars) and inferred 
(open bars) minor TAC frequencies in the NC sample. (d) Histogram of observed distribution of minor TAC frequencies in the CA sample, relative to 
expected minor single nucleotide polymorphism frequencies under the Ewens sampling distribution, with the population parameter θ (that is, 4Nμ) 
equalling 0.05 (red line), 0.10 (blue line), or 0.20. The two curves for the most part lie within the range of expected values for D. melanogaster defined by 
the red and blue curves, although there is a slight excess of minor transcript frequencies between 5% and 10%.
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twofold divergent from the major mode. Because about half of
the observed bimodal transcript distributions have a minor
TAC less than 10%, whereas two-thirds of them have a differ-
ence greater than twofold, it follows that most of the more
divergent TACs are due to relatively rare alleles. Conversely,
rare alleles of small effect are likely to go undetected in popu-
lation surveys of expression.

Such rare alleles may still contribute to skew of normal distri-
butions; therefore, we also examined the effect of skewness
on power to detect bimodality. Samples were drawn from
gamma distributions with increasing skewness, and the false-

positive rate was found to be highly sensitive to skewness. A
gamma distribution with shape parameter 7 and scale
parameter 1 resulted in as many as 36% of datasets exhibiting
evidence for bimodality, whereas a more skewed gamma(2,1)
distribution produces nearly 90% false positives. That is to
say, skewed distributions are much more likely to provide evi-
dence for bimodal transcript abundance than are symmetric
ones. If the reason for the skew is biologic, then false positives
are not a great concern because they still identify potential
departures from uniformity that may be due to allelic
differences.

Power studiesFigure 5
Power studies. (a) Percent detection rate as a function of the difference between the modes of the two transcript abundance classes, for minor transcript 
abundance class (TAC) frequencies of 0.05 (left) and 0.5 (right). Colors represent increasing sample size, from 30 lines (red) to 40 (blue), 50 (green), 70 
(blue-green), 90 (orange), or 100 (light blue) lines. Power of 80% is obtained for 100 lines if the modes differ by more than 1.7-fold (1.75 log base-2 units), 
and 40 lines if they differ by more than 2-fold. Thirty lines is too few to perform this type of analysis. (b) Percentage detection rates as a function of minor 
TAC proportion, for four different values of the difference between median expression value of each class. Power drops quickly for minor TACs less than 
10% of the sample, but it is fairly constant for all other relative abundances of the two classes.
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However, statistical analysis of microarray data is based on
the assumption of underlying normal distributions, and
investigators typically take steps to remove skewness [28].
Logarithmic transformation is one such step, but more
aggressive procedures such as Box-Cox transformations [29]
and quantile normalization [30] explicitly transform the data
to approximate a standard normal distribution as far as pos-
sible. The implications are discussed below.

Another common data transformation is use of the loess pro-
cedure to reduce the tendency for ratios of measurements of
two dyes on a single array to be correlated with their intensity,
due to differential labeling or degradation of the two dyes
[31]. This procedure is particularly important for reference
sample designs in which the treatments and references are
labeled with different dyes. In dye-flip experiments dye
effects will tend to cancel out, but the loess transformation
should reduce the within-sample variance, often increasing
power. It may not improve the accuracy of estimation of sam-
ple means, and under some circumstances loess transforma-
tion markedly reduces the detection rate of differential
expression [32]. This is the case here, because the right-hand
side of Table 1 shows a 20% decrease in the rate of detection
of multimodal transcription, after loess transformation. Only
50% of the NC multiple mode assignments (and just 32% of
the CA) agreed between the raw and loess analyses. Although
these cases allow some confidence in the interpretation, they
also highlight sensitivity to data analysis approaches.

Transcriptional bimodality in CEPH lymphoblast cell 
lines
To determine whether the relatively high frequency of less
common minor TACs is unique to Drosophila, a similar anal-
ysis of transcript abundance in lymphoblast cell lines derived
from 40 grandparents in the CEPH pedigrees [12,13] was per-
formed. As shown in Figure 6a, the same general left-shift in
the TAC frequency distribution is observed in the 831 bimo-
dally expressed genes. Unlike the Drosophila inbred lines, the
human cell lines segregate three genotypes at most loci, and
most of the minor homozygote classes are likely to be seen in
fewer than 5% of the lines. Consequently, bimodality might be
expected to be more commonly associated with the compari-
son of heterozygotes with the major homozygote class. The
predicted distribution of these genotype groupings, given the
observed allele frequencies for the SNP that shows the strong-
est association with expression in each of the bimodally
expressed genes, is shown in the histogram in Figure 6b. Once
again, there is some correspondence between the shape of the
TAC frequency distribution and that of the expected genotype
distribution. Note that 50 more transcripts exhibit multimo-
dality, but the third and fourth transcript abundance classes
are almost always rare, and power to detect these types of
sample is low.

The availability of a dense SNP map for the CEPH samples
[33] allowed us to scan for association between SNPs and

transcript abundance in the bimodally expressed genes. Sur-
prisingly, there is little overlap between our list of bimodally
expressed genes and the transcripts associated with strong
cis-regulatory polymorphisms reported by others [13,34].
This clearly indicates that only a fraction of cis-regulatory
polymorphisms result in bimodal distributions of transcript
abundance.

Transcript abundance classes in human cell linesFigure 6
Transcript abundance classes in human cell lines. (a) The frequency 
distribution of transcript abundance classes (TACs) in the Centre d'Etude 
du Polymorphisme Humain data for 831 bimodally expressed genes. Open 
bars show the detected frequency of transcripts in each bin, and solid bars 
the reconstituted distribution adjusted for the false-negative detection 
rate for each bin. (b) The distribution of genotype frequencies for single 
nucleotide polymorphism (SNP) within 100 kilobases of each of the 831 
transcripts that shows the strongest association with transcript 
abundance. Genotype is represented as the lesser of the common 
homozygote class or the sum of the heterozygotes and less common 
homozygote classes. This distribution is therefore right-shifted relative to 
the minor allele frequency distribution (and selection of SNPs with strong 
association statistics also biases the analysis toward common SNPs).
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On the other hand, comparison with the distribution of cis
associations in the set of bimodal TACs implies some
enrichment for locally acting regulatory polymorphisms. Fig-
ure 7 shows the observed quantile distributions of the strong-
est association statistic for each gene in (panel a) our sample
of 818 bimodal transcripts, (panel b) a random sample of 838
transcripts, (panel c) a random permutation of genotypes
against transcripts, and (panel d) the best possible TAC asso-
ciations, assuming that each TAC is due to a single genotype
class (see Materials and methods, below). The distributions in
panels a and b are similar overall, expect for the long tail
encompassing the top 2.5% of the bimodal TAC sample, iden-
tifying 20 genes for which the two TACs are largely explained
by single cis-acting SNPs. By contrast with panel c, random
sets of genes are also heavily enriched for cis-acting SNPs,
whose effects are not strong enough to exceed an experiment-
wide significance threshold, but nevertheless strongly suggest
that the majority of genes are regulated in part by cis-SNPs
that have stronger associations than are observed if geno-
types are randomly matched to transcript frequencies. Figure
7d indicates that most of the detected associations only
explain a small portion of the bimodality of transcript abun-
dance, because the association statistics are in general much
smaller than would be observed if there were tight corre-
spondence between genotype and transcript abundance.

Evidence for involvement of trans-acting factors in regulating
gene expression would be found in a higher than expected
incidence of sharing of TACs across lines. Because it is not
trivial to estimate the expected proportion of sharing for
abundance classes of hundreds of transcripts at different fre-
quencies, we focused on rare TACs (those observed in just two
or three lines). As described in Additional data file 1, in gen-
eral these rare TACs are dispersed randomly across most of
the lines. However, in all three datasets (the NC and CA sam-
ples of flies and the CEPH cell lines) a handful of individuals
exhibit an excess of rare TACs, as well as a significant ten-
dency for such rare abundance classes to be shared. This may
be indicative of co-regulation by a trans-acting factor,
although the phenomenon might also be due to an uncharac-
terized technical artifact.

Discussion
What is the distribution of transcriptional variance within
and among populations, and why does it matter? The short
answers are that we have very little idea, but that because
transcription provides a link between genotype and pheno-
type, an understanding of the complex mapping of these two
attributes requires knowledge of the relationship between
genetic and gene expression variation. We have good tools for
quantifying genotypic variation, and an established popula-
tion genetic theory describing the expected distribution of
polymorphism. No such tools or theory yet exist to help us to
evaluate the contributions of drift, mutation, selection, and
admixture to shaping variation in gene expression. Conse-

quently, there is a large gap in our appreciation of the molec-
ular basis of phenotypic evolution and the population
structure of disease susceptibility.

Mixture modeling appears to be a useful tool for detecting
transcripts that are variable in abundance within
populations, although its utility for comparing distributions
between populations is yet to be established. Unfortunately, a
large batch effect confounded the comparison of the two
populations, and this limited our ability to apply an alterna-
tive analytical approach, namely QST analysis [6,35]. QST is a
quantitative analog of the inbreeding coefficient, FST, which is
commonly used to quantify divergence between populations
based on allele frequencies [36]. Simultaneous measurement
of QST and FST with genotypic markers at the same locus has
the potential to facilitate tests of selection. Two recent studies
of mutation accumulation in nematodes and Drosophila
[37,38] both imply that stabilizing selection is pervasive at the
transcriptional level, because natural isolates appear to har-
bor less variation than would be predicted based on the rate
of genetic divergence of laboratory lines. Consequently,
simultaneously high QST and FST values may indicate adaptive
divergence caused by linked regulatory polymorphism. Dis-
cordance between the parameters could have numerous
causes, including the role played by trans-acting polymor-
phism in transcriptional variation and the possibility that
major effect haplotypes accentuate population differences in
transcript abundance.

Is there evidence for divergence between the NC and CA sam-
ples of flies? Batch effects may influence any large-scale
microarray experiment, and so it is preferable that two popu-
lations be measured at the same time. Reduced costs and
increased availability of single channel platforms for model
organisms will soon allow parallel measurement of thousands
of samples, which should facilitate comparisons based on
mean transcript abundance. Here, though, we have focused
on measures based on the variance and distribution of abun-
dance among lines. Because only 14% of bimodal NC tran-
scripts are also bimodal in CA, it might be argued that
divergence in the frequency of polymorphisms that contrib-
ute to the bimodality is common. However, 50 lines per sam-
ple is at the lower limit of power, particularly given that half
of the cases are due to relatively rare minor TACs. The exam-
ples presented in Figure 3 demonstrate that the proportions
of the two major TACs are preserved between the populations
at least in some cases. Drosophila melanogaster has tradi-
tionally been regarded as a panmictic species, with most of
the variation shared among populations (for comparison, see
[39]). However, as sequences replace allozyme studies, it has
become apparent that, as in humans, a few percent of the var-
iation does exhibit population structure, and that rare private
alleles are not uncommon [40,41]. Although the bulk of the
transcriptome is undifferentiated between the two North
American populations, it is likely that further studies will con-
firm subtle divergence for a subset of transcripts.
Genome Biology 2007, 8:R98
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Figure 7 (see legend on next page)
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Statistical analysis is often regarded as an objective enterprise
that is guaranteed to arrive at an unambiguous test of a
hypothesis. However, philosophical issues have impacts on
interpretation of functional genomic studies. Frequentist and
Bayesian analyses are not always in agreement [42,43],
whereas disputes also arise over the adoption of false-positive
or false-discovery rates as the most appropriate approach to
identification of candidate genes [44,45]. This study
highlights another analytical issue, namely the degree of
aggressiveness in data normalization, which actually gives
rise to an epistemological problem. It is obviously good prac-
tice to remove sources of bias and noise in data as much as
possible without disrupting the biologic content, before
model fitting. A major source of bias in gene expression pro-
files, whether contrasting population samples or tissues and
treatments, is skew away from normality. Recognizing that
skewness will tend toward false attribution of multiple mix-
tures, it could be argued that quantile normalization or some
equivalent procedure should be used to force the data toward
symmetric normal distributions. The trouble with doing this
is that it will tend to 'throw the baby out with the bathwater';
skew is actually an expected property of distributions that
arise from mixtures of two or more underlying distributions.
We thus arrive at a biologic uncertainty principle, insofar as
the process of measurement may destroy the signal.

What is the cause of the bias toward low frequencies of minor
transcript abundance classes? For genotypes, it is well known
that observed distributions approximate well to expectations
under mutation-drift equilibrium, implying that a large pro-
portion of molecular polymorphism segregates at or near
neutrality. The loose correspondence between genotype and
TAC frequency distributions is consistent with an extension
of this principle, namely that a large proportion of bimodal
transcriptional variation is due to the effect of nearly neutral
cis-acting polymorphisms. However, the error associated
with detection and measurement of TACs precludes rigorous
testing of this hypothesis, and evidence was presented that
cis-acting effects only account for a small proportion of bimo-
dality. Across the 818 genes in the CEPH data, and for the one
Drosophila gene examined closely, SNPs linked to the tran-
scripts do not define transcript abundance classes. Consistent
with results from expression QTL experiments [46], these
results provide further evidence that expression tends to be
regulated by a complex mixture of cis-acting and trans-acting
factors. The shape of the TAC distributions in our data could
be explained either by combination of the effects of relatively

rare alleles or by low frequency combinations of independ-
ently segregating common alleles.

Conclusion
Population profiling complements expression QTL analysis
[7,8] as an approach to identification of candidate QTLs,
because crosses derived from just two lines will tend to miss
rare alleles in a population. Even in a common disease/com-
mon variant model of disease susceptibility, differential
expression may only be expected in a small percentage of
individuals. Mixture modeling appears to lose efficiency for
detecting minor TACs that constitute less than 10% of the
sample, but it nevertheless provides evidence for distinct
abundance classes for between 5% and 10% of transcripts.
The enrichment for transcripts regulated in cis is clearly only
modest, with just 20 transcripts in the CEPH dataset showing
more highly significant associations with linked SNPs than
those observed for a random set of genes of the same size. On
the other hand, both the bimodal and randomly chosen sam-
ples of genes exhibit an excess of significant associations rel-
ative to SNPs chosen from unlinked genes, providing further
evidence for the pervasive contribution of cis-regulatory pol-
ymorphism to regulation of gene expression. The collection of
strongly bimodally expressed transcripts from population
sampling provides a sample of candidate genes that can be
assessed for regulation of quantitative traits in targeted
crosses or carefully chosen pedigrees.

Materials and methods
Experimental design
This experiment was conceived initially to evaluate transcrip-
tional variation for response to nicotine in D. melanogaster
[14]. Briefly, 58 isofemale lines from NC and 50 from CA were
inbred by between 15 and 50 generations of sib-pair mating.
These were chosen from a large sample of nearly isogenic
lines that were described previously [41]. Residual heterozy-
gosity is typically on the order of 0.1. The flies were reared in
vials with standard cornmeal (control). Nicotine treatment
was administered by transfer for 8 hours to standard corn-
meal supplemented with a trace of nicotine. Because the
majority of transcripts are relatively unaffected by the drug
treatment, we simply averaged the two control and two nico-
tine treatments to obtain the line means. Analysis by drug
treatment separately yields similar results.

Strength of association between cis-SNPs and transcript abundanceFigure 7 (see previous page)
Strength of association between cis-SNPs and transcript abundance. Frequency histograms in bins of increasing order of magnitude of significance, with 
number of genes indicated on the y-axis. (a) The distribution of significance measures (negative logarithm of the P value) for the most strongly associated 
single nucleotide polymorphism (SNP) within 100 kilobases of each of the 818 bimodally expressed transcripts. (b) The same distribution for SNPs linked 
to a set of 835 randomly selected transcripts. Note the excess of outliers in the bimodal sample. (c) The distribution of strongest associations for a typical 
permutation of SNPs against unlinked transcripts, clearly showing much reduced significance relative to those observed for linked SNPs. (d) The 'best 
possible' distribution of associations, assuming that a single SNP explains all of the observed bimodality of each transcript. Single dots in panels A and D 
represent outlier significance values.
Genome Biology 2007, 8:R98
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RNA was extracted from flash-frozen heads of 50 adult 3-day
to 5-day females for each line. For each population, collection
was spread over 2 months, and the collections were per-
formed 6 months apart. Hybridizations were performed with
a pool of two separate linear amplification labeling reactions
with either dye, Cy5 or Cy3. A randomized loop design
ensured that each microarray contrasted a control to a nico-
tine sample, each drawn from a different line from the NC or
CA sample (see Additional data file 2). There are a total of 216
microarrays, such that each of the 108 lines is represented by
two control and two nicotine treatments with one dye-flip
each.

The cDNA arrays were printed on glass slides at the NC State
University Genome Research Laboratory using clones sup-
plied by the Berkeley Drosophila Genome Project. A total of
223 of the 4,608 spots on the array lack polymerase chain
reaction products or were missing for other technical reasons.
Another group of spots consistently showed low intensity
comparable to the empty spots, presumably because they rep-
resent genes that are not expressed in adult female heads.
They were also excluded from analysis so as not to skew the
distribution of effects across the whole array, resulting in
4,212 spots in our final analysis.

Data transformation
The expression level for each transcript was estimated after
first transforming the raw intensity measures with a log base-
2 function. A global normalization for all arrays was per-
formed using a linear mixed model of the following form:

yijk = μ + Di + Tj + (D × T)ij + Ak + εijk

Where y is the log 2 intensity, μ is the overall mean, Di is the
ith dye effect, Tj is the jth treatment effect, and (D × T)ij is their
interaction effect. Each of these terms is specified as a fixed
effect, whereas Ak is the random effect of the kth array and is
assumed to be normally distributed with a mean of zero and
variance σa

2.

Subsequently, a second gene-specific model was fit to esti-
mate the true line effect for each gene effect, as follows:

rfiijkl = G + (GD)i + (GT)j + (GD × GT)ij + (GA)k + (GL)l + εijkl

where rfi is the relative fluorescence intensity, namely the
residual from the global normalization; G is the overall mean;
(GD)i is the ith gene-specific dye effect; (GT)j is the jth gene-
specific treatment effect; (GD × GT)ij is their interaction term;
and (GL)l is the gene-specific line effect for the lth line. All of
these main effects are specified as fixed effects, as is the pair-
wise interaction term. (GA)k is the gene-specific random
effect for array variation. Least squares means of the gene-
specific line effect are derived to represent the expression
level of each line. It should be noted that use of a randomized
loop will tend to reduce the total among line variance, because

if two lines with high (or low) abundance happen to be
hybridized on the same array, then part of the differential
expression will be absorbed into the estimate of the array
effect, (GA)k.

Mixture modeling
A simple one-dimensional multi-mixture model was con-
structed for each gene based on the least squares means of the
line effect from the mixed model described above. Each
model assumes a weighted sum of normal distributions,
which are called mixtures:

Where f(l) is the distribution of least squares mean line
effects, and w is the weighting of each normal distribution,
namely the proportion of samples classified into that compo-
nent. The sum of the wis should be equal to 1. The μi and σi

2

are the mean and variance of the normal distribution, and m
is the number of mixtures fitted. We used the EMclust EM
algorithm within a package in R called Mclust for the mode-
ling [17]. This package also allows choice of the number of
mixtures that provides the optimal fit to the data, based on a
Bayesian Information Criterion that accounts for the
difference in degrees of freedom associated with each model.
The maximum number of mixtures was restricted to 5.

The allelic frequency spectrum in Figure 4 was derived as
described in Ewens' 1972 paper [19] as following: f(x) = θ x-1(1
- x)θ-1, where θ = 4Nμ. In other words, f(x)δ × is the probabil-
ity that an allele in the population will be in the frequency
range (x, x + δ) for small δ. Based on the generally accepted
range θ for Drosophila, we choose 0.05, 0.1, and 0.2 for dem-
onstration. For θ → 0, f(x) is approximately a symmetric
function with respect to 0.5, so the minor allele frequency can
be formulated as twice the function f with the range of (0,0.5).

Transcriptional bimodality
Genes were classified as bimodally expressed when the opti-
mal number of mixtures fitted by Mclust was m = 2. For each
such gene, the frequency of the minor TAC was defined as the
smaller of the weights w1 and w2 in the estimated two-compo-
nent mixture model w1 × N(μ1,σ1

2) + w2 × N(μ2, σ2
2). Because

we expected that the parameters of the underlying mixture
distribution would influence the resolution of bimodality, we
anticipated an ascertainment bias in the empirical distribu-
tion of TAC frequencies; to recover the latent TAC frequency
distribution, we sought a simulation-based estimate of this
bias. For each gene classified as bimodally expressed, we used
the estimated two-component mixture model to generate
10,000 samples of 58 observations. We then used Mclust on
each of the 10,000 samples, recording the proportion of suc-
cessful mixture resolutions. This approach, reminiscent of the
parametric bootstrap, yielded a gene-specific estimate β of

f( )= w N(m ,s )i i i
2

i=1

m
l �∑
Genome Biology 2007, 8:R98



http://genomebiology.com/2007/8/6/R98 Genome Biology 2007,     Volume 8, Issue 6, Article R98       Hsieh et al. R98.13

co
m

m
ent

review
s

repo
rts

refereed research
depo

sited research
interactio

ns
info

rm
atio

n

the power to detect bimodality; we attributed the false-nega-
tive rate 1 - β to a latent class of bimodally expressed genes
that went undetected by Mclust. In other words, a bimodally
expressed gene with a power estimate of β stands a probabil-
ity of 1 - β of going undetected, and to correct for this ascer-
tainment bias we counted the gene 1/β times. In particular, by
weighting the minor TAC frequency of each gene by the recip-
rocal of its simulated power, we obtained a TAC frequency
distribution that has been disentangled from the discovery
process.

Tests of association in the CEPH data
In order to evaluate the level of association between cis-SNPs
and bimodality, we extracted from the HapMap database all
SNPs within 100 kb of each of the 881 multimodal transcripts
from the mixture modeling. Sixty-three of these transcripts
either had more than two modes or are not annotated suffi-
ciently well to identify linked SNPs, resulting in a final set of
818 genes. A random sample of 881 other genes resulted in
838 genes with well annotated linked SNPs within 100 kb. We
then performed a t-test of the difference in estimated tran-
script abundance between the major homozygote class and
the joint set of heterozygotes and minor homozygotes, and
simply report the distribution of strongest associations for
each SNP and transcript. Neither a tagging strategy nor a
minor allele frequency cutoff was employed, and nor was a
multiple correction factor used. Either of these would cer-
tainly be important were we to make any claims about a spe-
cific association, but Figure 7 deals only with the distribution
of all the statistics obtained as described, and the conclusions
would not be affected greatly by alternate analyses.

Additional data files
The following additional data are available with the online
version of this paper. Additional data file 1 summarizes the
analysis of the distribution of rare TACs among lines within
each of the three experimental datasets. Additional data file 2
illustrates the experimental design.
Additional data file 1Analysis of the distribution of rare TACsThis document summarizes the analysis of the distribution of rare TACs among lines within each of the three experimental datasets.Click here for fileAdditional data file 2Experimental designThe experimental design is illustrated. Each line is represented by four measurements: two involving control samples and two nico-tine-treated samples. These were obtained from four microarrays, with a balance of Cy3 and Cy5 dyes, and a randomized loop. For example, line 2 was hybridized as control Cy3 to line 5 nicotine Cy5 on one array, and control Cy5 to line 1. Two different loops were generated, one for each population.Click here for fileAll expression data are available from the MIAME compliant
public repository at ArrayExpress [47], expression profile
number E-TABM-109, and from our laboratory supplemen-
tary information site [48], which provides various other sup-
port files including SAS scripts, data analysis summaries, and
array annotation files.
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