Analysis of natural variation reveals neurogenetic
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U

nderstanding the rules by which variation in primary DNA
sequence impacts variation for quantitative traits in natural
populations is critical for predicting responses to natural and
artiﬁcial selection and disease risk in human populations. The
emerging picture from large genome-wide association (GWA)
studies in human populations is that many common variants with
individually small marginal (additive) effects affect diseases and
quantitative traits, of which only a small fraction can be replicated across populations (1, 2). Although it is possible that
effects of common single nucleotide polymorphisms (SNPs)
underestimate the true effects because causal variants are not
common or not SNPs, and lack of replication is due to differences in allele frequency and pattern of linkage disequilibrium
(LD) (1, 2), it is also possible that small additive effects and lack
of replication are due to underlying epistatic interactions (3, 4).
Extremely large samples are required to determine individual
signiﬁcance of rare alleles and epistatic interactions. One approach to gaining biological insight from GWA studies in the absence of statistical signiﬁcance of individual SNPs is functional
evaluation of genes harboring the top SNPs regardless of individual signiﬁcance. A second approach is to consider the genes
with the top signals collectively and examine whether they are
enriched for known pathways (5–8). Both approaches test the
hypothesis that the P values did not reach formal signiﬁcance
because of imperfect LD with true casual variants and/or
unmodeled epistatic interactions. Here, we evaluated the feasibility of these strategies by using the Drosophila melanogaster
Genetic Reference Panel (DGRP), a collection of inbred wildderived lines with fully sequenced genomes (9). The DGRP
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enables GWA studies where all variants are known, environmental
conditions can be controlled, and phenotyping many genetically
identical individuals of each line gives an accurate estimate of the
genotypic effect. Large publicly available collections of mutations
and RNAi constructs (10) facilitate rapid and economical functional evaluation of candidate genes, allowing empirical assessment of the false discovery rate (FDR); outbred populations
derived from DGRP lines can be constructed for multilocus
evaluation of allelic effects (11).
We focused on olfactory behavior—an important quantitative
trait because behavioral responses to chemical signals are essential
for survival and reproduction. The D. melanogaster olfactory system is well characterized (12), with four multigene chemosensory
families comprising Odorant receptor (Or) (13–16), Ionotropic receptor (Ir) (17), Gustatory receptor (Gr) (18, 19), and Odorant
binding protein (Obp) (20, 21) genes. Mutational analyses implicate
many other loci required for mediating olfactory behavior in addition to peripheral chemoreceptors (22, 23), and these mutations
form genetic interaction networks (23, 24). There is substantial
natural variation for olfactory behavior (25–27). Candidate genefocused association analyses indicate that this variation is, in part,
attributable to polymorphisms in Obp (26–28) and Or (29) genes.
However, addressing the question about contributions of other
genes involved in development and central processing of signals to
natural variation in odor-guided sensorimotor integration has
become possible with the generation of the DGRP.
We performed three GWA analyses to identify alleles that
affect natural variation in olfactory behavior. First, we performed a GWA on DGRP lines to identify top SNPs associated
with mean differences in olfactory behavior. Second, we intercrossed two divergent DGRP lines and constructed an outbred
advanced intercross line (AIL) population, on which we performed an extreme quantitative trait locus (QTL) GWA (30).
Finally, we performed a GWA for SNPs affecting the variance
among lines (variance GWA, vGWA) as a one-dimensional
screen for interacting loci (31, 32), because there is evidence for
epistasis between mutations affecting olfactory behavior (23, 24)
and mutational effects are suppressed in DGRP line genetic
backgrounds (33). We ﬁnd that different elements of the genetic
architecture that underlies natural variation in olfactory behavior
are revealed in the three GWA analyses, but they converge on
similar cellular processes associated with neural signaling and
neural connectivity, and are functionally validated at a high rate.
Results
GWA Analysis for Olfactory Behavior. We measured olfactory be-

havior to benzaldehyde for 164 DGRP lines with a modiﬁcation
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Understanding the relationship between genetic variation and
phenotypic variation for quantitative traits is necessary for predicting responses to natural and artiﬁcial selection and disease risk in
human populations, but is challenging because of large sample sizes
required to detect and validate loci with small effects. Here, we
used the inbred, sequenced, wild-derived lines of the Drosophila
melanogaster Genetic Reference Panel (DGRP) to perform three
complementary genome-wide association (GWA) studies for natural
variation in olfactory behavior. The ﬁrst GWA focused on single
nucleotide polymorphisms (SNPs) associated with mean differences
in olfactory behavior in the DGRP, the second was an extreme quantitative trait locus GWA on an outbred advanced intercross population derived from extreme DGRP lines, and the third was for SNPs
affecting the variance among DGRP lines. No individual SNP in any
analysis was associated with variation in olfactory behavior by using a strict threshold accounting for multiple tests, and no SNP overlapped among the analyses. However, combining the top SNPs from
all three analyses revealed a statistically enriched network of genes
involved in cellular signaling and neural development. We used mutational and gene expression analyses to validate both candidate
genes and network connectivity at a high rate. The lack of replication between the GWA analyses, small marginal SNP effects, and
convergence on common cellular networks were likely attributable
to epistasis. These results suggest that fully understanding the genotype–phenotype relationship requires a paradigm shift from a focus on single SNPs to pathway associations.
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(34) of the “dipstick” assay (22). We found substantial phenotypic and genetic variation in olfactory behavior, with a broad
sense heritability of H2 = 0.45 (Fig. 1A and Table S1). As observed previously (22, 25–27), there was sexual dimorphism in
the behavioral response to benzaldehyde and genetic variation in
the magnitude of sex dimorphism, with a cross-sex genetic correlation of rMF = 0.91) (Fig. 1A and Table S1). Thus, we expect
that many alleles affecting variation in olfactory behavior will be
common to males and females, but that some alleles will have
sex-speciﬁc effects.
We performed single-marker GWA analyses pooled across
sexes and separately for males and females for 2,587,691 SNPs.
None of the SNPs were signiﬁcantly associated with variation in
olfactory behavior at a Bonferroni-corrected P value of 1.9 ×10−8
in any analysis. To examine whether the top SNPs were enriched
for true positive associations and cellular networks, we lowered
the discovery signiﬁcance threshold to P < 10−5. At this P value,
there were 184 unique SNPs (79 SNPs for females, 51 for males,
66 for sexes pooled, and 35 for the SNP by sex interaction) associated with variation for olfactory behavior (Fig. 1B and
Dataset S1). Lower frequency alleles had larger effects than
common alleles (Fig. 1B), consistent with GWA studies on other
complex traits in this population (9, 35, 36).

A1

Ac76E

Fig. 1. Association between SNPs in the DGRP and variation in olfactory
behavior. (A) Line means for olfactory behavioral response to 0.3% (vol/vol)
benzaldehyde for DGRP males (blue bars) and females (pink bars). Error bars
are SEMs. (B) Genome-wide association analyses. All SNPs from single-marker
analyses with P < 10−5 are shown. (Upper) Associations based on females are
indicated by red dots, males by blue dots, and sexes pooled by black dots.
(Lower) The triangle depicts LD between SNPs as measured by r2, with the ﬁve
major chromosome arms demarcated by black lines. The heat map indicates
the magnitude of LD with red corresponding to complete LD and blue to
absence of LD. Upper shows the signiﬁcance threshold (−log10P), the effect
size in phenotypic SD units (a/σP), and the minor allele frequency (MAF).

Functional Validation and Network Analysis. We selected 18 candidate genes identiﬁed by GWA for functional validation, based
on SNP location (within 1 kb upstream or downstream from
the coding region, or nearest gene), strength of signiﬁcance (P
value), and availability of P{MiET1} insertion mutants (39). Nine
mutants had signiﬁcant effects on olfactory behavior in both
sexes, one mutant had a female-speciﬁc effect, and four mutants
had male-speciﬁc effects (Fig. 2). Thus, 78% of candidate genes
that harbor SNPs nominally associated with variation in olfactory
behavior in the GWA were functionally validated through mutational analysis, supporting the contention that the top SNPs
were enriched for true positive associations.
Next, we performed a network enrichment analysis (40) to
assess to what extent gene products associated with variation in
olfactory behavior might interact in cellular pathways. Allowing
for two missing genes, we identiﬁed a signiﬁcantly enriched
network (P < 0.01) comprised of 23 genes associated with cGMP
metabolism, inositol triphosphate signaling, and neural development (Fig. 3A).
Five of the 18 P{MiET1} insertion mutants tested for effects
on olfactory behavior (Fak56D, Btk29A, Pkc53E, Pde1c, Ac76E)
belonged to this network, and all showed altered responses to
benzaldehyde (Fig. 2). To further validate connectivity of the
predicted network, we chose one of the most highly connected
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The SNPs that are associated with variation in olfactory response to benzaldehyde were located in or near 176 genes, of
which ∼40% encode predicted transcripts of unknown function
(Dataset S1). Many genes are involved in signal transduction
(Ac76E, Fak56D, inaC, IP3K1, Pde9, Pde1c, Pkc53E) and development and function of the nervous system (5-HT7, Atet, btl,
CadN, CcapR, elk, exex, fw, Fas2, mam, pigs, PsGEF, Sdc, tkv, tutl,
tws). Several chemoreceptor genes not implicated previously in
response to benzaldehyde harbor SNPs associated with phenotypic
variation in response to this odorant in the DGRP. These genes
include ppk11, which encodes a sodium channel implicated in
gustatory response to salt (37), gustatory receptor Gr92a, and
odorant receptor Or49a. The molecular response proﬁles of Gr92a
and Or49a have not been reported. Previous studies showed that
mutations in Spn affect olfactory behavior to benzaldehyde (23),
and mutations in Spn and Btk29A affect intermale aggressive behavior (38), which has an olfactory component.
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Fig. 2. Validation of candidate genes using mutants. Candidate genes from
the GWA analyses were conﬁrmed by using P{MiET1} mutants. Eighteen
mutants were tested for females (A, red bars) and males (B, blue bars) along
with their corresponding controls (black). Error bars indicate the SEMs. *0.01 ≤
P ≤ 0.05; **0.001 ≤ P ≤ 0.01; ***0.0001 ≤ P ≤ 0.001.
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Fig. 3. Functional interactions among candidate genes. (A) An enriched (P <
0.01) cellular network (31) among candidate genes with at least one SNP (P <
10−5) in the GWA analysis. Candidate genes are indicated by rectangles,
missing genes (i.e., genes without signiﬁcant associations) by triangles, and
metabolites by circles. Components of the network associated with distinct
interconnected cellular processes are highlighted by the colored backgrounds. (B) Validation of the connectivity of the predicted network by qRTPCR of transcripts in the Pkc53e P{MiET1}-insertion mutant. Error bars indicate the SEMss. *0.01 ≤ P ≤ 0.05; **0.001 ≤ P ≤ 0.01; ***0.0001 ≤ P ≤ 0.001.
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genes, Pkc53E, as the focal gene and measured transcript levels
of 12 candidate genes connected directly or indirectly to Pkc53E.
The P{MiET1} insertion in Pkc53E resulted in up-regulation of
the corresponding transcript (Fig. 3B). Quantitative RT-PCR
(qRT-PCR) analysis showed that transcript levels of all genes in
the network, except Pde1c and Nrg for males and Gycβ100B and
sl for females, were signiﬁcantly up-regulated in the Pkc53E
P{MiET1} mutant compared with the corresponding control
(Fig. 3B), indicating coordinated regulation of their expression.
Thus, our results show that neuronal signal transduction networks are associated with variation in olfactory behavior.
Extreme QTL Mapping. Because the GWA analysis was underpowered for less common variants in the DGRP, we adopted
a complementary approach and constructed reciprocal AIL
populations from two DGRP lines with divergent olfactory
responses to benzaldehyde and performed extreme QTL mapping (24) in the F28 generation. We sequenced DNA pools of
the 10% high and low tails of the distribution of response scores
and compared frequencies of alleles that differed in the two
parental lines. We identiﬁed 377 and 431 SNPs with a difference
Swarup et al.

in allele frequency ≥0.2 at P < 0.001 between the top and bottom
pools for females and males, respectively (Fig. S1 and Datasets
S2 and S3). These SNPs were distributed within or near 417
(females) and 472 (males) genes across the genome, indicating
a highly polygenic genetic architecture (Datasets S2 and S3).
Alleles from the high-scoring line did not always increase
avoidance to benzaldehyde in the AIL population, possibly due
to context-dependent allelic effects or stabilizing selection for
olfactory behavior preventing accumulation of alleles with effects
in the same direction in either parental line.
We chose P{MiET1} insertion mutants corresponding to
candidate genes identiﬁed by extreme QTL mapping to test for
effects on olfactory behavior based on several criteria. SNPs in
the candidate genes had low P values and high allele frequency
differences between the extreme pools, were located in or near
the gene, and the genes were expressed in the ﬂy head. We tested
7 mutants for males and 11 for females (Fig. S2). For females, six
mutants showed reduced responses to benzaldehyde, including
A2bp1, a DNA binding protein involved in positive regulation of
transcription (41); Beat-Ia, which is involved in axon guidance
(42); and smooth, which is implicated in axon guidance and
mating behavior (43). Mutations in three genes, CG15144,
Cpr92F, and Pvf3, showed increased response indices. In males,
six mutants, including chinmo, which is involved with mushroom
body development and dendrite morphogenesis (44), and sima,
implicated in intracellular signaling (45), showed signiﬁcantly
higher responses to benzaldehyde compared with the control.
Thus, although the power to detect allele frequency differences
was low given the sequencing depth, 83% of candidate genes
could be validated through mutational analysis, similar to the
78% success rate found for genes identiﬁed by GWA in
the DGRP.
Identiﬁcation of Variance-Associated SNPs. We next performed
GWA with line variance (variance GWA or vGWA). This analysis complements traditional GWA for SNPs associated with
differences in trait mean and is a one-dimensional screen for
interacting loci (31, 32). For each of the ∼2.5 million SNPs, we
performed a Levene’s test (46) to compare variances among lines
carrying the major allele and those carrying the minor allele. We
found 21 and 14 SNPs associated with variance (P < 10−5) in
females and males, respectively, located within or near 22 (female) and 16 (male) genes (Dataset S4), with functions that again
related to neural development and neurotransmitter signaling.
Among these genes were ﬁve transcriptional regulators (odd, crol,
kni, CG1677, and sbb), four transmembrane transporters (CG31689,
List, CG15096, and CG13646), the nicotinic acetylcholine receptor β subunit and the glycine receptor, an adenylate cyclase
(CG43373), and Chemosensory protein A75a.
GWA, vGWA, and AIL Analyses Uncover Different Elements of a Common
Cellular Network. The three analyses identiﬁed different SNPs.

Differences between GWA and vGWA results are expected, because GWA is designed to detect mean shifts, whereas vGWA
contrasts variances of the two genotypes at each SNP, as expected
with epistatic interactions in which the effect of an undetected
interacting locus has a much greater effect in one genetic background than the other at the tested locus. Discordance between
SNPs identiﬁed by GWA of differentially segregating alleles in the
AIL populations can be attributed to context-dependent effects
(11) and variants that are not common in the DGRP but at intermediate frequencies in the AIL population. To exclude possibilities, other than epistasis, that could result in discrepancies
between these complementary approaches, we veriﬁed that there
was no enrichment of signiﬁcant SNPs in the AIL that could not be
reliably tested by GWA if they were present at low frequency in the
DGRP (i.e., fewer than four lines carrying the minor allele) (Fig.
S2). Relaxing the signiﬁcance threshold in the GWA analysis did
not recover more signiﬁcant SNPs in extreme QTL mapping than
selecting SNPs randomly (Fig. S3). SNPs in close physical proximity to GWA signals in the DGRP were more strongly associated
PNAS | January 15, 2013 | vol. 110 | no. 3 | 1019
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with the trait than randomly selected SNPs in the DGRP (Fig.
S4A), as expected from local LD, but this was not observed for
DGRP SNPs in close proximity to AIL signals (Fig. S4B). Conversely, SNPs near the top AIL SNPs were more strongly associated with the trait than randomly selected SNPs in the AIL
population, but not around DGRP signals (Fig. S4 C and D). Thus,
the top SNPs detected by GWA analysis for the trait mean in the
DGRP and by extreme QTL mapping in the AIL population are
unlikely to tag the same genomic regions. Similar observations
have been made in a separate synthetic outbred population derived
from the DGRP lines for three other traits (11).
If GWA results depend on genetic context, an analysis combining the results for different genetic backgrounds should converge on a common underlying genetic network. Therefore, we
pooled all candidate genes harboring SNPs associated with phenotypic variation in olfactory behavior from GWA, vGWA, and
AIL analyses and performed a network enrichment analysis (40).
We uncovered a signiﬁcant (P < 0.005) cellular network allowing
for one missing gene (Fig. 4) that expanded the network identiﬁed
by using GWA data alone (Fig. 3A). This network comprised genes
associated with axon guidance, IP3 signaling, cGMP metabolism,
cell adhesion, and neural development (Fig. 4), implying that
polymorphisms may contribute to natural variation in olfactory
perception through subtle variations in neuronal signaling and
connectivity of the nervous system.
Although there were no SNPs in common between the GWA
analysis in the DGRP and the AIL population, the SNPs tagged

22 common genes: 5-HT7, aret, Atet, beat-VI, btl, Btk29A, CadN,
CG7737, CG31262, CG42747, CR43990, Eip93F, elk, Fak56D,
Fur1, fz, Gr92a, mir-276a, Pkc53E, Sox21b, tutl, tws). We tested
mutations in seven of these genes (5-HT7, Btk29A, elk, Fak56D,
Fur1, fz, Pkc53E) for effects on olfactory behavior, and all seven
validated (Fig. 2 and Fig. S1). Further, four of the genes in
common (Btk29A, btl, Fak56D, Pkc53E) were in the enriched
network derived by combining all three analyses.
Discussion
Before the availability of complete genome sequences for the
DGRP lines, association studies for olfactory behavior focused on
a few Or and Obp genes (26–29). Here, we identiﬁed SNPs associated with variation in olfactory behavioral response to benzaldehyde across the entire genome using three different GWA
analyses. None of the SNPs in any analysis were signiﬁcant at
a Bonferroni multiple testing threshold, nor did any SNP overlap
among the analyses (although 22 genes were in common). Prior
GWA analyses for starvation resistance (9), chill coma recovery
time (9), startle response (9), and acute (35) and chronic (36)
responses to oxidative stress similarly detected many loci associated with each trait at a discovery P value <10−5. Although none
of the trait-associated SNPs in these studies exceeded Bonferroni
signiﬁcance thresholds, implicated genes had high validation rates
and recapitulated known cellular networks not previously associated with the traits (35, 36). Attempts to replicate multi-SNP
associations in an outbred population derived from DGRP lines
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Fig. 4. Cellular network for olfactory behavior identiﬁed by combined GWA, vGWA, and AIL analyses. An enriched (P < 0.005) cellular network (31) allowing
for one missing gene derived from genes containing at least one SNP within 1 kb in any of the GWA, vGWA, and AIL analyses (P < 10−5). Signiﬁcant genes are
indicated by rectangles, missing genes by triangles, and metabolites by circles. Components of the network associated with distinct interconnected cellular
processes are highlighted by the colored backgrounds.
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Methods
Drosophila Stocks. The DGRP was generated by 20 generations of full sib
mating of progeny of inseminated females from the Raleigh, NC, population
(9). P{MiET1} mutants and coisogenic controls (39) were obtained from the
Bloomington Drosophila stock center. Flies were reared on cornmeal-
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molasses-agar-yeast medium at 25 °C, 70% humidity, and a 12-h light/
dark cycle.
Behavioral Assay. Olfactory behavior of single-sex groups of 50 ﬂies per replicate and three replicates per sex to 0.3% (vol/vol) benzaldehyde (SigmaAldrich) was measured for each line between 1400 and 1600 hours, using
a modiﬁcation (34) of the “dipstick assay” (22). A response index (RI) of 1
indicates a maximal aversive response to the odorant, and RI = 0 indicates that
all ﬂies remain near the odor source. Replicates were run on different days to
randomize environmental variation. Data were analyzed with the ANOVA
model Y= μ + L + S + L × S + e to partition phenotypic variance among lines (L,
random), sex (S, ﬁxed), line by sex interaction (L × S, random), and within-line
variance (e). Broad-sense heritabilities and the cross-sex genetic correlation
for olfactory behavior were estimated from the variance components as H2 =
(σL2 + σSL2)/(σL2 + σSL2 + σE2) and rMF = σL2/(σL2 + σSL2), respectively.
Genome-Wide Association Analyses for Means and Variances. The 2,587,691
SNPs used for association analyses had minor alleles present in at least four
DGRP lines; had coverage between 2 and 30; were biallelic and not called
segregating within a line; and were genotyped in at least 60 DGRP lines. Single
marker tests for association with variation in line means were performed
pooled across sexes using the ANOVA model Y = μ + M + S + M × S + L(M) + e,
and separately for males and females using the ANOVA model Y = μ + M + e,
where μ is the overall mean, M is the SNP effect, S is sex, L is line and e is the
error variance. These analyses were performed using SAS software. To identify
SNPs that were associated with different variances among lines for olfactory
behavior, tests for homogeneity of variance between the two genotypes were
performed by using Levene’s test (46), implemented in the car package in R.
Assessment of Gene Expression Levels. Transcript levels were assessed by qRTPCR using a SYBR green detection method (Applied Biosystems) with glyceraldehyde-3-phosphate dehydrogenase as the internal standard. Independent triplicates of total RNA were extracted from whole males and
females (n = 15 per replicate) using TRIzol reagent (Invitrogen). cDNA was
generated from 80 to 100 ng of total RNA by reverse transcription, and each
extract was analyzed in duplicate. Transcript speciﬁc primers were designed
to amplify 100- to 150-bp fragments. Negative controls without reverse
transcriptase were run to exclude genomic contamination. Statistically signiﬁcant differences in gene expression levels between P{MiET1} mutants and
their controls were determined by two-tailed t tests.
Bioinformatics Analysis. Annotation of SNPs was based on Flybase release 5.46
(53). SNPs were considered in a gene if they were located in or within 1 kb
upstream and downstream of a gene model. SNPs not located within 1 kb of
an annotated gene were assigned to the nearest upstream and/or downstream genes within a window of 50 kb. The R-spider program in the BioProﬁling.de web portal was used to identify ensembles of interacting gene
products (40). This analysis tool incorporates data for ∼2,000 genes and
combines signaling and metabolic pathways from Reactome and KEGG
databases to determine whether interactions between the input genes are
greater than expected by chance. The network is built by connecting genes
with known interactions in the two databases, allowing zero, one, or two
missing nodes. The signiﬁcance of the network is tested by Monte Carlo
simulations, in which the same number of randomly selected genes is used to
form the null distribution of the size of the network.
Extreme QTL Mapping. We generated reciprocal AIL mapping populations to
perform extreme QTL mapping (30). Reciprocal AIL were initiated by crosses
between DGRP lines RAL_357 (a low responder) and RAL_820 (a high responder) and were subsequently maintained by random mating in large
populations each generation. Between generations 28 and 30, the top (n =
200) and bottom (n = 200) 10% responders to 0.3% (vol/vol) benzaldehyde
were collected for each sex separately from each AIL population. These
individuals were retested the next day to verify response reproducibility and
pooled. DNA was extracted from two biological replicates of high and low
pools, puriﬁed by using Genomic-tip 100/G columns (Qiagen), and sequenced on the Illumina Genome Analyzer GAiix using 75 bp paired end
reads. Each sample was sequenced in two lanes. Sequencing reads were
mapped to the D. melanogaster reference genome by using BWA (0.6.1r104; ref. 5), allowing a maximum of four mismatches and with the option
“-q 13” to dynamically trim low quality ends of sequence. Mapped reads
were locally realigned and marked for duplicates using GATK version 1.5–20
(54) and Picard tools (version 1.60, http://picard.sourceforge.net). Quality
scores of bases were recalibrated using GATK. We counted Q ≥ 13 bases
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failed, but the majority of the SNPs detected at Bonferroni-corrected signiﬁcance levels in the outbred population participated in
at least one epistatic interaction in the DGRP (11).
The null hypothesis for the lack of signiﬁcant associations and
replication in the three GWA analyses for olfactory behavior is
that all are false positive associations due to the lenient discovery
signiﬁcance thresholds. The alternative hypothesis is that these
top signals are enriched for true positive associations because
of imperfect LD with causal variants (low frequency SNPs or
non-SNP variants) and/or unmodeled epistatic interactions. We
showed that 29 of 36 tested mutations (80.6%) implicated by the
DGRP and extreme QTL mapping GWA analyses affected olfactory behavior, a much greater proportion than the 6% (22, 23)
expected from random P-element insertional mutations (Fisher’s
exact test; P = 4.79 × 10−11). Furthermore, the genes implicated
by SNP associations in the DGRP were statistically enriched for
a network of genes centered on signal transduction pathways and
neural connectivity. Pkc53E was a highly connected gene. A
mutation in Pkc53E affected olfactory behavior, and comparison
of gene expression in the mutant and its coisogenic control validated the network connectivity at the level of gene expression.
This network was expanded when genes tagged by the top SNPs
in all three GWA analyses were considered jointly.
Our results suggest that polymorphisms that contribute to
natural variation in olfactory perception are not restricted to
peripheral chemoreceptors, but may also cause subtle variations
in genes affecting neural connectivity and signaling in the olfactory projection. These observations are in line with previous
studies, which used optical recording techniques to document
odorant-speciﬁc activation patterns in the mushroom bodies (47–
49) and demonstrated anatomically distinct projections from individual glomeruli to the lateral horn of the protocerebrum (50).
Furthermore, signaling via both Gαq and Gαs in the mushroom
bodies have been implicated in discrimination of unconditioned
odor identity and experience-dependent odor discrimination, respectively (49), consistent with the observed prominence of both
inositol-triphosphate and cyclic nucleotide signaling pathways in
our GWA analyses. Thus, variation in neural connectivity and
synaptic signaling in the central nervous system is a major determinant of individual variation in odor perception.
Biological networks are characterized by many positive and
negative feedback loops leading to nonlinear interactions among
gene products (51). Arguably, epistatic interactions among genetic variants perturbing these networks are more biologically
plausible than additive interactions, and additivity is likely an
emergent property of variation in underlying epistatic networks.
Epistasis can lead to substantial underestimates of main effects
of SNPs participating in an epistatic interaction, if the interacting
partner and the interaction term are not included in the statistical model used to infer association. Epistasis is prevalent among
P-element mutations affecting olfactory behavior (23, 24), and the
DGRP lines harbor variants that suppress the effects of these
mutations (33). Epistatic interactions will lead to the lack of
replication of single marker SNP associations with a quantitative
trait in populations with different allele frequencies, but the underlying biological interaction networks can be inferred from
combining GWA results from such populations (11, 52). These
considerations lead to a paradigm shift in the way we view the
relationship between genetic and phenotypic variation. There may
be much less phenotypic variation in natural populations than
expected given the large amount of segregating genetic variation,
due to the evolution of canalization via suppressing epistatic
interactions between common alleles (33). This hypothesis is
testable in model organisms and is one possible explanation for
the problem of missing heritability in human GWA studies (1).

supporting the two parental alleles at segregating sites and compared allele
frequencies in the top and bottom pools using a Z test taking the form of
pT − pB
Z = pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ;
p0 ð1 − p0 Þð2=n + 1=cT + 1=cB Þ
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where pT and p B were the estimated allele frequencies in the top and
bottom pools, respectively; p 0 = (p T + p B )/2 was the allele frequency
under the null hypothesis of p T = pB ; n represented the number
of chromosomes pooled; and c T and cB were the respective sequencing
depths in the top and bottom pools. The Z statistic was distributed as
standard normal under the null hypothesis, and P values were
obtained accordingly.

pk, Pkc53E, ppk11, Sdc, Spn, W) and 18 candidate genes from the extreme
QTL mapping analysis (A2bp1, beat-1a, beat-IIIc, CG11321, CG15144,
CG31961, CG43693, CG6959, chinmo, Cpr92F, Ih, Ddr, elk, mspo, Pvf3, sima,
sm, tor) were selected for functional assessment. P{MiET1} mutants (39) and
their coisogenic controls were measured for olfactory responses to 0.3%
(vol/vol) benzaldehyde, with ﬁve replicates (n = 50 ﬂies per replicate) per
line and sex. Statistically signiﬁcant differences in responses to benzaldehyde
between mutants and their coisogenic controls were determined by twotailed t tests. The exceptions were Pde1c, CG9932, Ac76E, and Spn, which
shared a common coisogenic control, and for which signiﬁcance was tested
using an adjusted Dunnett’s test.

Mutant Analyses. Mutations in 18 candidate genes from the GWA analysis (5HT7, Ac76E, Btk29A, CcapR, CG9932, Fak56D, Fas2, Fur1, fz, knrl, kuz, Pde1c,
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