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Abstract

In this study, we used microarray technology to study the transcription differentiation between
different races of Drosophila melanogaster. In single line study, there are 1138 genes differentially
expressed between Z30 (Z line) and Fr (M line). For pool-line study, number of differentially expressed
genes reduced to 435. These results indicate that majority of differentially expressed genes between
different lines are polymorphic. In addition, even though Z/M races are at incipient stage of speciation, a
large number of genesisinvolved during this process. We also analyzed the genes by their functional
categories. Three out of four over-represented categories are behavior related, including “Behavioral
interaction between organisms®, “Regulation of behavior *, and “Reproductive behavior®, correlating
nicely with our expectation that behavior related genes would contribute the difference between M and Z
races. This study also demonstrates the feasibility of pool line strategy in identifying race-defining genes.
In single line study, genes related to behavior regulation, including “Behavior”, “Reproductive behavior”,
and “Behavioral interaction between organisms”, aso showed up. Combining the results from pool-line
and single-line hybridization, three out of four functional categories are related to behavior regulation,
including “regulation of behavior”, “behavioral interaction between organisms, and “reproductive
behavior”. Based on this result, we are confident that our strategy of identifying race-defining genesis
applicable. By applying the current methodol ogy we should be able to find genes corresponding to racial
differentiation. Further study on population genetics and gene functions will help us to understand the
mechanism of speciation.

Keyword: Microarry, speciation, differentiation,
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Background

One of the major challenges facing modern biology is to understand the genetic mechanisms
causing speciation. The difficulty stems largely from our lack of knowledge at the fundamental genetic
level. For example, how do phenotypical distinctions emerge and reinforce between species? What are
the underlying genes? What forces drive their divergence? In order to get some insights into these
questions, several recent studies have focus on genes that cause fitness reduction in hybrids that are
intermediate in phenotype between organisms. The reduced fitness can range from ecol ogical
mal adaptation or behavioral aberration to inviability or sterility. The loci that underlie such reductionsin
fitness might be considered “speciation gene” (Wu and Ting 2004). At least five cases of speciation
genes have been confirmed so far. Most bear a strong signature of positive selection [for review see (Wu
and Ting 2004)].

Practically, the efforts of identifying “speciation gene” are tremendous. For a gene to diverge in
function, it needs to be released from its original function niche (genetic ‘niche-release’). So, speciation
genes are often non-essential, with functions that are only loosely coupled to reproductive isolation.
Consequently, phenotype that defines the class of genes that we are interested in usually does not contain
ahint of the original function for which each of these genes evolved. For example, the range of the
molecular identity for several “speciation genes”, as well as the underlying principle, is broad. Three
cases are related to transcriptional regulation (Xmrk (Zechel et al. 1988; Wittbrodt et al. 1989), OdsH
(Sun, Ting, and Wu 2004), and Hmr (Barbash et a. 2003)), supporting the common postul ate that species
divergence isregulatory in nature (King and Wilson 1975). Moreover, in desat2 (Greenberg et a.
2003),which is not aregulatory gene, the change during incipient speciation is neverthelessin the
regulatory region. In addition, the speciation events for the contemporary species usually occurred tens or
hundreds of thousands generations before. With such level of divergence, the footnotes | eft by forces
driving their divergence become blurred and difficult to identify. To facilitate our effort of identifying
‘speciation genes’, we need a simple system which is at the incipient stage of speciation with robust
phenotypic differences that are strictly genetically determined.

The Zimbabwe race of D. melanogaster vis-a-vis the cosmopolitan populations may be such a
system (Wu et a. 1995). Females from most Z lines (for Zimbabwe) do not mate with males from M
lines (for melanogaster of the cosmopolitan type), whereas the reciprocal crosses experience much
weaker or no isolation. The extent of variation in sexual behaviors among natural isolates has been
documented (Hollocher et a. 1997a). The genes for the femal e preference and male attractiveness
behaviors are mapped to all three magor chromosomes that are 111 > I1 >> X > 0 (Hollocher et al. 1997h).
The behavioral polymorphisms, together with the absence of obvious postmating isolation, suggest that
this system of sexual isolation may represent speciation at the very incipient stage. Among the many
genetic studies of sexual isolation (Tan 1946; Kawanishi and Watanabe 1981; Zouros 1989; Venter et al.
2001) noneis perhaps closer to theinitial stage of speciation than the Z-M isolation. The behaviors are
also robust in different environmental or physiological conditions. The robust behaviors, the nascent

speciation, as well as the molecular differentiation (Begun and Aquadro 1993; Wang, Shapiro, and Wu
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2006) between the Z- and M-types, justify naming the Zimbabwe and nearby populations a separate race
of D. melanogaster.

Furthermore, because sexual isolating mechanisms that act before fertilization ("ethologica™
isolating mechanisms) are thought to precede the evolution of postzygoticisolating mechanisms
(inviability and sterility), Z-M behavior races might give us some insights to understand the genetic
basis of sexual isolation and early stages of species formation.

Drosophila melanogaster isamodel organism with excellent genetic and genomic resources that
areideal for genetically dissecting complex traits, including the ability to clone chromosomes, replicate
genotypes, and rear large numbers of individuals under uniform environmental conditions; publicly
available mutationsand deficiency stocks useful for mapping; abundant segregating variation in natural
populations that can readily be selected in the laboratory to produce divergent phenotypes a complete
well annotated genome sequence; and several platforms for whole-genometranscriptional profiling.

Many researches on genetics of speciation have been conducted. The Z-M isolation of drosophila
melanogaster and microarray provide us a very powerful way to study what happened in speciation at
genome-wide expression level. What kinds of genes changed their expression level? What role does the
natural selection play? Does M type race evolve faster then Z type asit does at sequence level? From
this proposal, we expect to define a group of loci that are candidates of “speciation gene”. Further study
on these genes may shed light on this ‘the mystery of mysteries’ speciation question.

Materials and M ethods

Experimental design Since Z-M behavior races are at early stage of divergence, most of the differences
between any single M and Z lines are probably irrelevant to racia differences.

Given a hypothetical example shown in the Fig. 1, there are nine differences between Z1 and M1,
but four of them are the polymorphic with five of
themin M and onein Z lines. Aswe are interested

Dz i the genes displaying differences between races,
the polymorphic within race groups would be less
useful for our purpose. Under such circumstance,
one has to examine many linesto get the genes

71 differentiating two races. This can be done by
73 scrutinizing the transcription profiles individually
M2 from each line. While one may obtain robust result
VI3 2 by such practice, it is atime and cost-consuming

ML strategy. Alternatively, samples from same racial

group can be pooled to conduct microarray

experiments.



Pooling samplesin biomedical studies has now become a frequent practice among many researchers.
For example, >15% of the datasets deposited in the Gene Expression Omnibus Database involve pooled
RNA samples (Kendziorski et al. 2005). The practice of pooling biological samples has been used in
different application areas (Gastwirth 2000), e.g. for the detection of certain medical conditions and
estimation of prevalence in a population. In spite of divergent views on the wisdom of pooling samplesin
the context of detecting differential gene expressions using microarrays (Churchill and Oliver 2001; Peng
et al. 2003; Affymetrix 2004; Shih et al. 2004; Jolly et al. 2005), two main arguments supporting the
practice of pooling biological samples are that biological variation can be reduced by pooling RNA
samples in microarray experiments (Churchill and Oliver 2001) and that financial cost can be reduced.

Microarray hybridization. One hundred to 250 three-to-five-day-old female flies are starved for one
hour prior to sedation on ice. Heads are dislodged from the bodies using sieves after flies were snap

frozen in liquid nitrogen. TRIzolR Reagent (GIBCO BRL) is used for RNA extraction. After precipitation,
the RNA is then re-suspended and purified with phenol and chloroform. cDNA syntheses are carried out
by Array 900 expression array detection kit (Genisphere Inc.) with manufacture’s protocol. Arrays are
from DGRC (Drosophila Genomics Resource Center) of Indiana University. We hybridize and wash the
samples according to the protocol from DGRC (Cherbas 2005).

Array analyses. Arrays are scanned using a GenePix Axon scanner and data are extracted using GenePix
6 to give Cy3 and Cy5 intensities. The flowing analyses are conducted in R computing environment
(http://www.r-project.org). We first transforme the data using spatia-intensity joint loess. Thisis done
with R/maanova package (Wu and Churchill 2005). The transformed log,-intensites for all 15552 spot
measures Yijx are subjected to anormalization model of the form y;; = u + A; + D; + ADjj + &, where p is
the sample mean, A; isthe effect of theith array (i = 1-12), D; is the effect of jth dye (Cy3 or Cy5), and &;j
isthe stochastic error. ADij is the interaction involving dye and array. In thismodel, array (A;) is modeled
as random effect and was assumed to have anormal distribution with a mean of zero (N(0, 5% )).

The residuals from normalization model are subjected to gene specific models of the form rijc = p +
A + Dj + G + &, where g is the average intensity associated with a particular gene; Gy is kth genotype
(k = 1- 8). Array (Aj) here represents as spot effects on the arrays and is also treated as random effect in
the gene specific models. T-test is performed to identify differentially expressed gene between different
lines and species. Four kinds of t tests namely, standard t test ; global t test, using an estimate of error
variance that is pooled across all genes; regularized t test, combing information from gene-specific and
global average variance estimates by using a weighted average of the two as the denominator for a
gene-specific t test; and Fstest proposed by Cui et a 2003 (Cui and Churchill 2003) are conducted to
access number of differentially expressed genes. We also carry out permutation analysis by randomizing
the residual s (within each gene) from the fitted null model 1,000 times and re-computing t-statistics.



Results
Pool line study

30 fliesfrom 10 different lines of M and Z races were pooled before RNA extraction. Six array
hybridizations have been done with 3 cy3-labeled M race RNAs hybridized with 3 cy5-labeled Z race
RNAs and vice versa. After image analysis, background correction, and normalization, the log-2
expression intensities were analyzed using alinear mixed model with fixed effect for different fly lines
and arandom effect for arrays. T-tests were applied to call genes significantly deferential expressed
between M and Z races. Table 1 gives number of significant genes. At Pvalue of 0.001, there are 453
genes differentially expressed between M and Z races.

Table 1. Numbers of differentially expressed genes between M and Z

behavioral races under different P value and FDR (in parenthesis).
<le-04 <0.001 <0.01 <0.025 <0.05

# of genes 212 (36) 453 (98) 1106 (280) 1678 (432) 2347 (662)

The genes were divided into 2 gene lists: significant and non-significant under p<0.001 between Z
and M. Then the associations between biological process and the two gene lists was tested at GO level 3
with FatiGo [72]. The GO terms with significant difference between the two lists were shown in Table 2.
The differentially expressed genes were under-represented in five categories. regulation of cellular
process, morphogenesis, organ development, cell communication and regulation of physiological
process. Thisindicates that the expression of genes in these five categories may be under strong
stabilizing selection, which also consistent with the important role they play in lives. Three out of four
over-represented categories are behavior related, including “Behavioral interaction between organisms®,
“Regulation of behavior “, and “Reproductive behavior®, correlating nicely with our expectation that
behavior related genes would contribute the difference between M and Z races. This study also
demonstrates the feasibility of pool line strategy in identifying race-defining genes.



Table 2. List of under- and over-represented Go categories for significant genes from pooled sample

hybridization.

Go terms

Morphogenesis
Regulation of
cellular

process
Regulation of
physiological
process

System
development

Response to
biotic stimulus
Behavioral
interaction
between
organisms
Regulation of
behavior
Reproductive
behavior

Percentage Percentagein

in non-significant Fisher
significant genelist exact p
genelist value
Under-represented categories

1.23 9.34 0.00004
5.52 16.22 0.00007
5.52 15.71 0.00015
1.23 8.05 0.00030

Over-represented categories

6.13 1.26 0.00008
4.29 0.73 0.00036
1.84 0.05 0.00045
4.29 0.77 0.00046

Unadjusted FDR under

independence

0.00811
0.01184

0.02082

0.03269

0.01251

0.03432

0.03726

0.03760

Single line study

We also carried out single line comparison. cDNA from Z30 (Z race) was labeled with Cy3 and
hybridized with Cy5-labeled Fr (M race) cDNA. We also did dye swap. After image analysis,
background correction, and normalization, the log-2 expression intensities were analyzed using alinear
mixed model with fixed effect for different fly lines and arandom effect for arrays. T-tests were applied
to call genes significantly deferential expressed genes. At P=0.001 level, there are 1138 genes
differentially expressed between Fr and Z30. Table 3 lists over-represented Go categories. While many

categories related to “Response to stimuli” are in the list, genes related to behavior regulation, including

“Behavior”, “Reproductive behavior”, and “Behavioral interaction between organisms”, aso showed up.



Table 3. Over-represented Go categories for significant genes from Z30 and Fr

hybridization.

Percentage  Percentage in  Unadjusted

Go terms in significant  non-significant Fisher exact p
gene list gene list value

Behavior 7.13 2.08 4.740599%e-10

Response to

abiotic 6.79 2.71 1.963444e-06

stimulus

Behavioral

interaction 2.89 0.61 2.901551e-06

between

organisms

Detection of 2.55 0.47 3.411734e-06

stimulus

Reproductive 2.89 0.65 5.516223e-06

behavior

Organismal

physiological 12.22 6.88 1.332319e-05

process

Response to

external 3.23 0.90 1.893650e-05

stimulus

Response to

biotic 3.23 1.26 7.600866e-04

stimulus

Singlevs. pool lineresults

As mentioned above, genes identified by pooled sample represent mean differences and may have
very different phenotype distribution (see background and significance section). To access the variability
of these genes, we compared the result from pooled vs. single lines. Number of genes obtained from
single line study is about 2.5 times greater than significant genes from pool line hybridizations. This
differenceis actually expected as single line hybridization includes many polymorphic genes within
each race (Fig. 3). Of 453 significant genes, 255 are overlapped with Fr and Z30 comparison. This 56%
(255/453) of overlap seems to suggest the inconsi stence between two experiments. Because the genes
selected by single line hybridization should include all the pool line identified genes. However, gene
expression as acomplex trait may have the same mean with very different distribution. That is pool line
identified genes may have different means with largely overlapped distribution and not be segregated
between races. In this case, it is not necessary that two random chose lines are a so different at the same
set of genes. On the other hand, the true race-defining genes should include a group of genes with their
function related to racia differences which is mating behavior. The intersection of two experiments
should represent or be close to true race-defining genes. The over-represented functional categories for
genes overlapped between pool and single line study are listed in Table 4. As expected, three out of four
functional categories are related to behavior regulation, including “regulation of behavior”, “behavioral

interaction between organisms, and “reproductive behavior”.

Based on Table 4, we are confident that microarray technique practically used in our lab can
produce consistent and reliable results. In addition, our strategy of identifying race-defining genesis

6



Table 4. Over-represented Go categories for genes overlapped between pooled

samples and single line hybridization.

Percentage ; i
) a4 Percentagein  Unadjusted
Go terms o non-significant  Fisher exact
significant :
) genelist pvalue
gene list
response to
abiotic 11.40 2.97 4.975198e-05
stimulus
regulation of - 5 0.07 2.603145e-04
behavior
behavioral
interaction ¢ »g 0.75 3.546266e-04
between
organisms
reproductive g og 0.79 4.444835¢-04
behavior

applicable. By applying the current methodol ogy we should be able to find genes corresponding to racial
differentiation. Further study on population genetics and gene functions will help us to understand the
mechanism of speciation.
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way to quantify proportion of cis- and tran- component derived from microarray study. This part
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Abstract

The separation of cis- and trans-regulation of gene expression is straightforward if the genetic

architectureissmple.  However, cis- and trans-control may coexist and interact epistaticaly, thus

blurring their distinction.  To dissect the genetic architecture of expression variation at the
genomic level, we analyzed the full set of chromosome substitution lines between the two

behavioral races of Drosophila melanogaster. Our observations: 1) Only about 3% of the genes

with an expression difference are purely cis-regulated.  Infact, relatively few genes are governed

by simple genetics as nearly 80% of expression differences are controlled by at |east two
chromosomes. 2) For 14% of the genes, cis-regulation does play arole but usualy in
conjunction with trans-regulation.  Thisjoint action of cis- and trans-effects, either additive or
epistatic, isreferred to asinclusive cis-effect.  3) The percentage of genes with inclusive
cis-effect increases to 32% among genes that are strongly differentiated between the two races.
We observed a non-random distribution of trans-acting factors, with a substantial deficit on the
second chromosome. Between Drosophilaracial groups, trans-regulation of expression
differenceis extensive and cis-regulation often evolves in conjunction with trans-effects.

4)



I ntroduction

Knowledge of the genetics of complex traitsis fundamental to modern medicine, agriculture
and evolutionary biology. Among all complex traits, gene expression as phenotype may be most
amenable to genetic analysis. Thefirst question about expression regulation naturally is whether
thereisacis-component.  (Cis-regulation refers to the control of expression by the gene itself
while trans-regulation refers to the influence of the genetic background.)  The partition of cis- vs.
trans-component of expression regulation makes it possible to identify at least one gene controlling
the phenotype, namely the expressed geneitself. Many studies have elegantly addressed the first
guestion at various levels of divergence.  For example, one may measure the expressions of two
alleles at the locus of interest in a common genetic background. Because the collection of
trans-acting factors in the same cellular environment is assumed to affect the two alleles equally,
asymmetric allelic expression implies differences due to cis-regulatory divergence .

A second, and presumably more difficult, question is how strong cis-regulation is relative to
trans-regulation, as well asto the interactions between the cis- and trans-components. Many genes
could be simultaneously regulated by both cis- and trans- lements.  Imagine that the different
expression of an X-linked gene between two species is controlled jointly by its cis-element and two
transcription factors, one on each of the two autosomes. It isthe X-I1-11l interaction that dictates
the expression level. In an experiment that replaces the X- e ement, one may conclude 100%
cis-effect but, in a separate experiment that replaces the transcription factor on 11, one may conclude
100% trans-effect. In principle, the estimated total cis- and trans-effect could exceed 100%. Few
studies have tackled the complexity of the genetic control of gene expression.

To answer the second question, we need to quantify the various components of expression
regulation that include cis-, trans- and cis- by trans- control. The use of alarge number of
segregatesin F2 crosses allows examination of both cis- and trans-acting regulatory variation *°.
Such an analysis, however, requires extensive genotyping on various recombinant lines. In addition
with the association of thousands of markers and genes, it is literally impossible to quantify the
relative contribution of cis-, trans-, and their interaction. A simpler alternative is to construct the
whole chromosome substitution lines which would enable us to measure the expressions under
different chromosome combinations reproducibly.

The genetic architecture, specificaly the relative contribution of cis- and trans-regulation,
may depend on the extent of divergence between the subjects under comparison.  Between two
randomly chosen genomes from the same population, it is possible that the 5’-regul atory regions
have not differentiated much and the cis-component may be small. When two genomes have
diverged, both cis- and trans-effect would become greater and their relative magnitude becomes less
predictable.

Clearly, the level of divergence should be an important parameter in the analysis of cis- vs.
trans-effect. However, genetic differences between species generally make their hybrids unhealthy
resulting in difficulties in chromosome replacement. On the other hand, individuals or lines from
same population may be too similar to have much cis-effect. ~ Populations that have shown some
degree of phenotypic divergence provide areasonable balance. The Zimbabwe race of D.
melanogaster vis-a-vis the cosmopolitan populations are thus well suited to such a purpose.

Females from Z lines (for Zimbabwe) do not readily mate with males from M lines (for
melanogaster of the cosmopolitan type), whereas the reciprocal crosses experience much weaker or
no discrimination ”.



In this study, we used a standard M (Fr) and Z line (Z30). These two lines have been
extensively analyzed for their behavioral, physiological and molecular divergence "**. The purpose
of this study isto dissect the genetic architecture of transcription regulation. By comparing the
expression differences between the two parenta (Fr and Z30) and six substitution lines (constructed
by Hollocher et al. ’; see Fig. 1 and Materials and Methods), we were able to determine the
contribution of cis-, trans- and cis-by-trans components to gene expression.

Result

The experimental designisgiveninFig. 1. We shall designate the 2 pure lines (Fr and Z30)
and the 6 whole-chromosome substitution linesas ZZZ (i.e., Z30), MZZ, ZMZ, ZZM, MMZ, MZM,
ZMM and MMM (Fr), respectively.  Each letter in this triplet notation designates the origin of the
X, 1, and Il chromosome. The IV chromosome is not monitored and is a mixture of Fr and Z30
when the substitution lines were constructed. Note that the 3 major chromosomes in each
substitution line were extracted as a whole without recombination (see Hollocher et al. /).

After image analysis, background correction, and normalization, the log-2 expression
intensities were analyzed using alinear mixed model with fixed effect for different fly linesand a
random effect for arrays. The residuals from the normalization model were subjected to gene
specific models of the form rij = u + Aj + Dj + Gy + &ijx, where Gy is kth genotype (k = 1- 8) and
will be specifically modified in each section below.

Wefirst identified genes that are differentially expressed between ZZZ and MMM by t-test.
Four kinds of t-tests were used and we considered only genes that pass al four t-tests. The genetic
control is then analyzed by studying the expression in the 6 substitution lines. At afalse discovery
rate (FDR) of 0.01, 188, 493, 534, and 15 genes on the X, I1, I1I, and IV chromosome, respectively,
were found to be differentially expressed between MMM and ZZZ (Table S1). These genes are
distributed among the 4 chromosomes much like the rest of the genome (P=0.23 by y*test).  The
mean expression ratio of the more highly expressed line over the less highly expressed line is 1.69.
In the following analysis, we did not include the 15 genes on the IV chromosome, as the
substitution lines could not be identified by their IV chromosome origin.

Aver age effects across all genes.
The full model for the genetic control of expression differencesis given as

fijk = p+ Aj + Dj + Chry + Chryy + Chry; + Chry  +Chry i + Chryy jyy + Chrr i + &ijk ().

With 3 chromosomes, the expression of each gene can potentially be explained by 7 different terms
— the 3 single-chromosome effects (Chry etc), the 3 interaction terms between any 2 of the 3
chromosomes (Chry ; etc) and the highest level interaction with all 3 chromosomes.  To apply
this model, we took two different approaches. In the first approach, we computed the proportion
of variance contributed by each of the seven terms, averaged across all 1215 genes (=188+493+534,
seeabove).  Inthe second approach, we examined the relative contribution of each term for each
individual gene.  Although we are mainly interested in the genetic control for each gene, the
average patterns across loci, which usually have better statistical support, may provide the
corroborative evidence to the gene-by-gene analysis.

The average proportions of variances contributed by the 7 termsare givenin Table1.  These
proportions are presented for genes on each chromosome separately aswell asjointly. Note that
the 4 interactive terms collectively account for 32.3% (=27.1% + 5.19%) of the total variance.



Testing models of pure cis*- and puretrans*- control

In this section, each gene was individually analyzed. We first tested the two simplest
models of genetic control. In the pure cis- model, the expression level is fully controlled by the gene
itself with no influence from the genetic background.  In the pure trans-model, the expression is
controlled entirely by the genetic background with no input from the expressed gene.

Here, we have to distinguish between chromosomal cis-effect and genic cis-effect.
Because the genetic resolution is at the whole chromosome level, we use the notations, cis*- and
trans* -effect, for the whole-chromosome analysisin the statistical models.  cis*-effect isthe
combined effect of the (true) genic cis-effect and all trans-effects of genes on the same chromosome
of the expressed locus.  In other words, cis*-effect is an over-estimate of the true cis-effect and
trans* -effect does not include same-chromosome trans-effects.  In Table 2, we present the cis*-
and trans* - effect; the true cis-effect will be estimated in Table 3.

Likelihood ratio test was preformed for the pure cis*-effect model whichisrjx = p+A; + D
+ Chr, + &ijjk, where| is the chromosome from which the expressed geneis located (I = X, Il or [11).
The alternative model expands the “Chr” term above into the full model of Eq. (1) above. In
Table 2, it is shown that the cis*-effect model is accepted over the aternative full model for only a
small fraction of genes. At the nominal acceptance rate of 5%, the percentages of genes regulated
by a complete cis* effect on X, I, and |11 chromosome are 6.9%, 2.4%, and 10.1%, respectively,
with an average of 6.5%.  Given that the cis*-effect (at only 1.5% above the nominal rate of 5%)
isstill an overestimate of the genic cis-effect, it seems safe to conclude that not many genes
between the Z and M lines are purely cis-regulated.  Asacorollary, 93.5% of the genes must
have a trans-component in their regulation.

We next test the complete trans-* effect model in which gene expression is controlled
exclusively by trans-chromosomes (e.g., the Il and 11 chromosomes for X-linked genes). The null
model of thistest isrijx = u + A + D;j + Chry, + Chry, + Chryy + &ijk, Where m and n are the two
trans-chromosomes (m, n =X, 11, l11). Theaternativeis again the full model described above.

At P=0.05, the percentages of genes regulated entirely by the trans*-effect are 7.4%, 37.1%, and
4.5% for the X, I, and 111 chromosome, respectively (Table2).  Because the sums of the two
rows of Table 2 are far below 100%, the bulk of genes must be jointly regulated by cis- and
trans-chromosomes.

A surprising finding in Table 2 is that genes on chromosome |1 appear to be subjected to
weak cis*-control and relatively strong trans*-control.  Given the near parity in gene number
between the two autosomes, such a chromosome-wide difference in transcription regulation
demands an explanation.  The answer appearsto be a difference in trans-regul ating capacity
across chromosomes (see below).

Selecting the best model for each gene

The criteriafor pure cis-* and pure trans* -effect by the likelihood ratio test above may be too
stringent to have much explanatory power.  An alternative is to search for the best model for each
gene by applying the backward selection method with Akaike information criterion (AIC ™). In
this analysis of model selection, each of the seven terms of genetic effect in Eq. (1) is sequentialy
removed according to AIC, until further removal resulted in worsefit. Different search criteria
including Bayesian information criterion (BIC) and likelihood ratio test (LRT) were also used for
model selection. Because the results from these methods are in qualitative agreement, we shall
present only the AIC model selectionin some detail. The resultsfrom BIC and LRT arein



supplement (Table S2 & S3).

In our analysis, 77 genes could not be unambiguously assigned to a specific model and were
removed from further analysis. Among the 1138 genes analyzed, the best model isa
single-chromosome effect model for 21.4% of the genes (Table 3).  In these cases, only one of the
three terms, Chry, Chr, or Chryy, is needed in the selected model. A more complex 2-chromosome
model isasfollows:  All models that include the Chry ;, term or contain both the Chry and Chr;,
terms are grouped into the X+I1 two-chromosome category, provided that all other terms containing
the chromosome |11 effect are not needed. A parallel procedureisused for X+111 and for I1+11l,
respectively.  Among these categories, 28.6% of the genes can be explained by the control of two
different chromosomes (that act either independently or jointly). Lastly, all three major
chromosomes are necessary to explain the expression differences for 50% of thegenes.  To
conclude, nearly 80% of the genes are regulated by two or three different chromosomes for their
expression.

Note that Table 1 and Table 3 present very different information. For example, (X,I1) in Table
lisfor the interactive term only, whereas “X and I1” in Table 3 indicates the presence of effects
from both X and II, which include both interactive and additiveterms.  In Table 1, the average
contribution of a single chromosome ranges from 6.7% to nearly 40%. It is therefore not
unreasonabl e to see only 21.4% of genes whose expression variation is entirely attributed to the
effect of one single chromosome.

Multi-chromosome control can be either addtive or epistatic.  In Table 3, 326 genes are
controlled by 2 chromosomes. Among them, 241 (73.3%) have the interactive term, Chr ,
Chryx 1, or Chry; 1, of Eg. (1). Among the 569 genes under the control of al 3 chromosomes, 560
(98.3%) of them have at least one interactive term.  In total, 70.3% ([241+560]/1138) of the genes
in Table 3 are influenced by epistatic interactions.  Since we cannot account for epistatic
interactions between genes on the same chromosome, the percentage 70.3% could be a conservative
estimate. In comparison, Table 1 shows that the average contribution of the epistatic component
to the total variance of expression across all loci is about 32%, as mentioned above.  Thus, while
the average epistatic effect is 32%, for nearly 30% (100% - 70.3%) of the genes, the epistatic effect
is statistically indistinguishable from 0%.

Estimating the pure cis-effect at the genic level

The proportion of genes controlled solely by the cis*-chromosome is estimated to be 9.6%
(Table 3 and Row 1 of Table 4). Since the chromosomal cis*-effect includes both the genic
cis-effect and intra-chromosomal trans-effect, the estimate of 9.6% is most likely an overestimate of
the genic cis-effect. (Without *, cis- denotes genic cis-effect.)  The question is how many genes,
if any, would show a genic cis-effect if the overestimation is removed.

In this section, we will estimate the proportion of genes that are controlled solely by the
ciselement. Thisproportion isof course no higher than 9.6%.  (In the next section, we will
estimate the proportion of genes that show a genic cis-effect, accompanied by some trans-effectsin
the background.) Previously, Osada et al. (2006) used the same set of lines as this study on the
Affymetrix arrays. In their observations, the difference in gene expression between the two pure
lines (ZZZ and MMM) is correlated with gene expression difference between two substitution lines
that differ in the chromosome where the gene islocated (seetheir Fig. 1).  They suggested that
the Z-M expression differences have a detectable (genic) cis-effect.



To estimate the genic cis-effect, we need to evaluate the intra-chromosomal trans-effect and
subtract this effect from the whole chromosome cis*-effect.  Here, we assume that
intra-chromosomal and inter-chromosomal trans-effects are comparable.  In Table 1, the
trans-effect of X on the Il chromosome accounts for 21.14% of the variance.  The corresponding
percentage for the 111 chromosome is 20.56%. The two numbers are close with an average of
20.84%, suggesting that the trans-regulating strength of X is similar across target chromosomes. For
chromosomes Il and 111, the interchromosomal trans-effects are 7.7% and 32.5%, respectively.
Thus, each chromosome’s trans-effect appears comparable on different target chromosomes, but
thereis alarge difference in the average trans-effect of each chromosome.  The differenceis
particularly notable between the two autosomes.  Although the Il and 111 chromosomes are roughly
of the same size, the proportion of variance contributed by the latter is more than 3 fold as high as
that contributed by theformer.  In contrast, the X chromosome contributes as much as 2/3 of that
of chromosome 11 whileit is dlightly greater than half the size of the latter.

A most interesting feature of Table 1 isthe difference between cis*- and trans*-effects. For
X, the cis*-effect is 30.33% whereas the two trans* -effects are 21.14% and 20.56%, respectively.
The difference between the cis*- effect and the average trans*-effect, at 9.49%, is highly significant
(P<10%). Inthelast column of Table 3, we refer to this difference as “genic cis-effect”.  The
patterns are also true for the two autosomes with the genic effects are 5.27% and 7.05%,
respectively (P< 10°).  We estimate the genomewide genic cis-effect at about 6.7%.

The similar procedure may now be applied to estimating the number of genesthat are
under pure cis-regulation (or those that have a cis-component in the next section).  In Table 3,
when the number of genes with expression difference on each chromosome is adjusted for the size
of chromosome, the cis-effect is also detectable.  For example, the effect of X on X isseenin 24
genes (per ~2000 genes), but inonly 9.7 or 12.7 genes for the effect of X on 11 or X on lll,
respectively.  The average of the two latter numbersis considered the trans-acting effect of X.
In the last column of Table 3, the transacting effects per 2000 target genes are shown to be 11.2, 3.4
and 20.1 for X, Il and Il1, respectively.  Again, each chromosome’s trans-effect appears
comparable on different target chromosomes, but there is alarge difference in the average
trans-effect of each chromosome. Adjusted for its size, Chromosome Il is deficient in its
transacting effect in comparison with the other two.

The number of differentially expressed genes on each chromosome that are under cis*-effect
isreproduced in Row 1 of Table4.  The estimated number of genesthat have agenic
cis-component is thus the difference between the number on Row 1 of Table 4 and the estimated
number of genes under same-chromsome trans-control (see Methods). For example, the number
for the X chromosome is 12.8 (=24-11.2), or 7.5%, as shown in Row 2 of Table4.  For Il and |11,
the proportions are 2.2% and 2.7%, respectively. For the genome as awhole, 3.2% of genes are
purely cis-regulated (genic cis-effect only).

Estimating the inclusive cis-effect at the genic level

In the Z-M system, the proportion of differently expressed genes that are purely cis-regulated,
at 3.2%, isamost negligible. A more useful estimate may be the proportion of genes with a
detectable cis-effect regardless of the presence or absence of other effects. We suggest the term
“inclusive cis*-effect” which is defined asfollows.  Inclusive cis*-effect for any X-linked genes
isthe summation of termsthat include X.  In other words, the effect is defined as including any
combination of the following four termsin the selected model: Chry + Chry ;; +Chry j;; + Chry i 1.
We shall define “inclusive cis (genic)-effect” similarly; i.e., the summation of all genetic effects that
involves the gene itself.



Wefirst estimate the number of X-linked genes with an inclusive cis*-effect, which is 142
(=24+11+38+69 from Table 3), shown under the heading of X in Table4.  These are cases where
the X chromosome plays arole (singly or jointly with other chromosomes) in the expression of
X-linked genes. The same procedure is used for other chromosomes. On average, 78% of the
expression differences have an inclusive cis*-effect and Chromosome |1 indeed has the lowest
percentage of such genes (Row 3 of Table 4).

Like the estimation of genic cis-effect shown in Row 2 of Table 4, we extrapolate the
inter-chromosomal trans-effect (which is observable) to estimating the intra-chromosomal
trans-effect. ~ We shall use X-linked genes as an example. We need to estimate the cis-effect of x,
x+I1I, x+I11 and x+11+111, where the lower case x denotes individual X-linked genes (rather than the
whole X chromosome). The cis effect of x, in terms of the number of genes affected, has been
showntobe12.8inRow 2.  Thecis-effects of x+II, x+l11 and x+11+l1l are estimated to be 2.76, 0
and 3.9, respectively (see Materials and Methods).  Theinclusive cis-effect for X-linked genesis
therefore 19.5 (=12.8+2.76+0+3.9), or 11.4% of the affected genes.  Across all chromosomes,
13.9% of genes have an inclusive cis-effect (Row 4).

In summary, only 3.2% of differentially expressed genes are purely cis-regulated but, when
inclusive cis-effect is considered, 13.9% are cis-regulated. ~ This comparison means that i)
trans-effect dominates the regulation of gene expression at this level of divergence, and ii) when
thereis cis-effect, cis-regulation often occurs in a genetic background where trans-regulation is also
in operation. The conclusion is consistent with the estimate of the average genic cis-effect
across all genes, which is 6.7% of the total variation as shown in Table 1.

cis-effectsin race-differentiating vs. non-race differentiating genes

We now address the issue whether the relative strength of cis-regulation increases as the level
of divergenceincreases. Among the 1138 genes of Table 3, 238 are considered the more divergent
group by thefollowing criteria.  In aseparate study using multiple M and Z lines, 421 genes were
labeled “race-differentiating” (Fu et al. submitted). For each of these 421 genes, the mean
expression of the 24 M linesis significantly different from that of the 15 Z linesat FDR < 0.01.
Among the 421 genes, 238 are also represented in the set of 1138 genes analyzed in Table 3 and are
referred to as “race-differentiating” genes. The remaining 900 genes are “non race-differentiating”
astheir expressions are different both between the Fr (the MMM line) and Z30 (ZZZ) lines and
among different M and different Z lines.

We computed the average genic cis-effects separately for the two groups of genes, as shown in
the last column of Table1l.  When all genes are considered, genic cis-effect accounts for 6.7% of
the expression variation.  This proportion increases to 8.83% for race-differentiating genes and
decreases to 5.95% for non-race differentiating genes. The differenceis 2.88% (P < 0.05, two
tailed t-test).

In Table 5, we again analyzed each geneindividually. For race-differentiating genes, the
percentages of genes with an inclusive cis-effect are 45.1%, 32.3% and 29.6% for X, Il and 11,
respectively; the average is 32.0% (the lower half of Table5). For “non-race differentiating”
genes, the percentages of genes with a significant inclusive cis-effect are 14.3%, 15.3%, and 10.9%
for X, 1l and I11, respectively; the average is 13.2% (Table 5).  The proportion of genes that have
acis-regulatory component is more than 2.5 times higher among “race-differentiating” genes than
among the set that are not race-differentiating.  Moreover, the magnitude of changes for
race-differentiating genes is generally higher than for the non-race differentiating ones. The mean
fold differences are 2.32 for the former and 1.59 for the latter.



Discussion

By analyzing the complete set of chromosome substitution lines between the M and Z races,
we have been able to quantify the relative contribution of cis- and trans-regulation, as well asthe
interaction of the two components.  Previous studies focused on cis and trans regulation mainly
tried to identify the existence of cis and trans components ® ***8, Recently, using pyrosequencing
technol ogy, Wittkopp et al * and colleague *° were able to quantify relative contribution of cis and
trans components in gene regulation. To our knowledge, this study is the first one to quantify cis,
trans, and their interaction at genome scale. Furthermore, we can quantify the interaction in the
absence of measurable cis and/or trans effect. We have also found that the relative contribution of
the cis-component increases as the level of expression divergenceincreases.  There have been
several studies reporting various degrees of cis-regulation #***2° \While the differencesin these
studies may, to some degree, depend on the method of analysis, the level of divergence must have
played aroleaswell.  In Table 5, the number of genes showing a cis-effect (inclusive cis-effect
>0) increases from 13% for non-race differentiating genes to 32% for race-differentiating genes, a
2.5 fold jump.

It is possible that, as the cis-regulatory sites become more and more divergent, the mgjority
of differently expressed genes would have a measurabl e cis-effect. This hasin fact been
reported ! . At the same time, most of these genes may have a trans-component aswell.  Note that
more than 93% of genesin Table 2 do have atrans-effect.  For the many genes that have both a
cis- and trans-effect, the question then is their relative magnitude.  We note that, while 32% of
race-differentiating genes may have an inclusive cis-effect, the cis-component contributes only
approximately 28% to thetotal variation. (In Table 1, it is shown that the average effect of
cis-component is 8.83% but, since only 32% of genes show a cis-effect, these genes should have an
average effect of 28% [= 8.83% / 32%].)

Asthe level of divergenceincreases, say, between two good species, the demarcation
between cis- and trans-effects becomes less meaningful.  The main reason is the interactions
between cis- and trans-factors.  For example, the cis-factor may increase the expression of a
particular gene, whereas a trans-factor from the same species may decreaseit.  Alternatively,
neither cis- nor the trans-factors can affect the expression by themselves but their interactions can.
Table 1 shows that the interaction terms between chromosomes account for 32.3% (27.1%+5.19%)
of the expression variation.  Interactions among genes on the same chromosome were not even
included. We have aso observed substantial counter-balancing effects between Z and M races
(i.e., one chromosome increases the expression whereas another chromosome decreases it;
unpublished results).

In the context of such complex genetics, the inclusive cis-effect may be a useful concept.
A geneis considered to have an inclusive cis-effect if the cis-factor contributes to the expression
variation, regardless of whether it exerts the effect singly or jointly with trans-factors. It has been
known that many phenotypic variations between species are subjected to complex genetic control %
2. Animportant reason for studying the control of gene expression isthat it may ultimately
inform about the genetics of these “classical” phenotypes, including behavior, disease resistance,
reproductive success, and so on. Although the regulation of gene expression may often be
complex, a detectable inclusive cis-effect means that at |east one controlling factor can be identified,
namely, the cis-factor of that gene.  Thus, the inclusive cis-effect can be alink between
phenotypes and part of the genetic circuitry.

Of two major autosomes, |11 chromosome has been shown to have more effect on male
attractiveness behaviors than second chromosome ’. In addition, study on the mating behavior




reveals that || chromosome has | ess effect on Z-specific male behavior (Jennifer, unpublished data).
Moreover, although X chromosome seems to have less effect on behavioral differences ’, severer
variability reduction in X _chromosome than autosomes in M-type fly has been previously noticed %
4 suggesting its possible role of ecological adaptation. To put above observations together, it is
possible that || chromosome playslittlerolein Z-M differences at least in male part.

Materialsand Methods

Fly Srains. Oneisofemale M line (Fr, hereafter referred as MMM ) and one isofemale Z line (Z30,
hereafter referred as ZZZ), both of which are commonly used as standards to study mating
behaviors %, and 6 chromosome substitution linesMZZ, ZMZ, ZZM, MMZ, MZM, and ZZM 7,
were used. For chromosome substitution lines, M indicates that a homozygous X, 2nd, or 3rd
chromosome is derived from the MMM (Fr) line, and Z indicates the corresponding homozygous
chromosomes derived from the ZZZ (Z30) line. The origin of 4th chromosomeisignored in this
setting.

Microarray hybridization. We designed the hybridization scheme to efficiently estimate
differences between MMM and ZZZ lines and chromosome effects (Fig. 1). Each of six
chromosome substitution line was measured 4 times and two parental lines were measured 14 times.
One hundred to 150 three-to-five-day-old male flies were starved for one hour prior to sedation on
ice. Heads were dislodged from the bodies using sieves after flies were snap frozen in liquid
nitrogen TRIzolR Reagent (GIBCO BRL) was used for RNA extraction. After precipitation, the
RNA was then re-suspended and purified with phenol and chloroform. cDNA syntheses were
carried out by Array 900 expression array detection kit (Genisphere Inc.) with manufacture’s
protocol. Arrays were from DGRC (Drosophila Genomcis Resource Center) of Indiana University.
We hybridized and washed the samples according to the protocol from DGRC .

Array analyses. 26 arrays were scanned using a GenePix Axon scanner and data were extracted
using GenePix 6 to give Cy3 and Cy5 intensities. The flowing analyses were conducted in R
computing environment (http://www.r-project.org). We first transformed the data using
spatial-intensity joint loess. This was done with R/maanova package ?’. The transformed
logo-intensites for all 15552 spot measures y;jx were subjected to a normalization mode! of the form
Yij = n+ Aj + Dj + ADj; + &jj, where p is the sample mean, A; isthe effect of theith array (i = 1-26),
D; is the effect of jth dye (Cy3 or Cy5), ADj; is the interaction involving dye and array, and ;; isthe
stochastic error. In thismodel, array (A;) was modeled as random effect and was assumed to have a
normal distribution with a mean of zero (N(0, 53 )).

Differentially expressed genes between ZZZ and MM M. The residuals from normalization
model were subjected to gene specific models of the form rij = g + A; + Dj + Gy + &ij, where g is
the average intensity associated with a particular gene; Gy is kth genotype (k = 1- 8). Array (A;) here
and thereafter represents as spot effects on the arrays and is also treated as random effect. T-test was
performed to identify differentially expressed gene between MMM and ZZZ. Four kinds of t tests
namely, standard t test ; global t test, using an estimate of error variance that is pooled across al
genes, regularized t test, combing information from gene-specific and globa average variance
estimates by using a weighted average of the two as the denominator for a gene-specific t test; and
Fstest proposed by Cui et al.  ?® were conducted to access number of differentially expressed
genes between MMM and ZZZ. We a so carried out permutation analysis by randomizing the
residuals (within each gene) from the fitted null model 1,000 times and re-computing the t-statistics.



Theresult did not differ from those obtained using standard statistical tables. All above tests were
done with R/maanova package.

Variance component estimation
lijk = p + A;j + D; + Chrx + Chry; + Chryy + Chry ;i +Chry i + Chry iy + Chr i + i (1)

From Eq. 1, we grouped seven genetic terms under Gy and call p + G, the genetic effect. After the
model fitting, we obtainedt,, =i+ A + D, +G, , where the hat means that the estimated parameter

values are plugged in. We then defined f, = i+ G, thefitted genetic effect.

For any chosen gene, the components of variance due to the terms listed in Eq. 1 were calculated as
following:
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For each genes, the proportion of genetic variance due to, for example, the main effect of the X
chromosomeas 6/ T, whereT =65 +6 +6 +65, +G %, 01 +G gy - TOSUMMarize

across genes, we averaged the proportion of variance across genes. The standard error were
calculated by standard formula (s.d. across genes of the proportion of variance)/sgrt(number of



genes) to express uncertainty in a given average proportion of variance.

Hypothesistesting. Likelihood ratio tests were applied for hypothesis testing for genes rejected by
al four t test at FDR < 0.01. Under the complete cis-chromosomal model whichisrijx= p+A;+
D; + Chr, + &, where | isthe cis-chromosome (I = X, 11, 111), the expression of the genes can be
explained only by the chromosome which gene sits (cis-chromosome). Alternatively, under the full
model whichis lijk=1u +A;+ Dj + Chrx + Chr” + Chr||| + Chrx,” +Chrx,||| + Chr||,||| + Chrx,||,||| + Eijk,
effects of al three chromosomes and their interactions were estimated. Likelihood ratio test were
applied to compare the fit under compl ete cis-chromosomal model to that under the full model.
Genes failed to reject the full model are selected as regulated only by cis-chromosome.

To test the compl ete trans-chromosome effect, we fit rj = p + A; + D; + Chry, + Chry, + Chr + siji,
where m and n are the chromosomes other than cis-chromosome (tran-chromosome) (m, n =X, Il,
[11). Likelihood ratio test were applied to compare the fit under complete trans-chromosomal model
to that under the full model.

Model selection. We practiced the best chromosome model for genes rejected by all four t test at
FDR < 0.01. Theresiduals from normalization model were first fitted the full model, EQ.1,
described above and we deleted one component at a time (backward selection) based on Akaike
information criterion (AIC).

Different search methods were applied to select the best model. Although quantitatively different
results were yielded, they agree with each other qualitatively. We, therefore, only present the result
by AIC and |eave the rest in supplement.

Estimating the contribution of cis- and trans- effect on gene expression. We assume for a given
chromosome or chromosome combinations, the inter- and intra-chromosomal trans-acting abilities
are the same. For example, X chromosome aone regulates 22 and 34 geneson |1 and 111
chromosome, respectively. Number of genes on the array from X, 11, and 1l chromosome are,
1992(rounded off to 2000), 4509, and 5324, respectively. On per 2000 genes basis, the trans-acting
effect of X chromosomeon Il and 111 chromosomesis 9.7 (22 x 2000 / 4509) and 12.7 (34 x 2000 /
5324) with the average of 11.2, the number represents trans-acting ability of X chromosome.
Therefore, for 24 X-linked genes, we assume 12.8 (24 — 11.2) of them would be regulated by cis
factors.

The trans-acting ability of X+l on the 1l chromosome, adjusted to 2000 genes for the X, iS22 x
2000/ 5324 =8.24. Thereare 11 geneson the X that are affected by X+Il. Hence, the cis-effect
of X+II on X-linked genesis 11 - 8.24 = 2.76.

The trans-acting ability of X+I11 on the I11 chromosome, adjusted to 2000 genes for the X, is 89 x
2000/ 4509 =39.4. Sincethere are only 38 X-linked genes, less than the estimated 39.4
regulated by X+l11, this combination does not have a detectabl e cis-effect on X-linked genes.

The effect of X+11+111 on X chromosome was estimated from the ratio of trans/cis calculated from
X+l and X+111 combinations which is (8.24+39.4) / (2.76+0) = 17.26. Thus, cis effect estimated
from the X+I1+I11 combinationis69/17.26 =3.99. Intota, the estimated cis effect on X-linked
genesis128+ 276+ 3.99=195. Theciseffectsfor the second and third chromosomes are
estimated by the same procedure.
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Figure legend:

Fig. 1 Drosophilia lines and hybridization scheme used in this study.

The sequence of alphabets represents chromosome origins (M or Z) in the order of X, Il, and I11. M
indicates that a chromosome is derived from the MMM (Fr) line as homozygote, and Z indicates
derivation from the ZZZ (Z30) line, also ashomozygote.  Each line with two arrow heads
represents two microarrays (with dye swap). The line connects the two fly lines hybridized to the
microarrays. Intotal, 26 arrays were used in this study - 12 between MMM and the 6 substitution
lines, 12 between ZZZ and the same 6 substitution lines, and 2 between MMM and ZZZ.



