Materials and Methods

Animals

All experimental protocols were reviewed and approved by the
Institutional Animal Care and Use Committee of Tokyo Women’s
Medical University (approval ID: 13-99-2-B). Mice were pur-
chased from Sankyo Labo Service.

Cell collection

CD34~ KSL (c-kit"Scal*Lin ") LT-HSCs or CD34*KSL ST-
HSCs were sorted, as described previously [36]. In brief, we
isolated bone marrow cells from 8- to 10-weck-old C57BL/6 mice
and stained them with antibodies for CD34 (RAMS34, eBios-
ciences, San Diego, CA), Sca-1 (E13-161.7, BD Biosciences
Pharmingen, San Jose, CA), c-kit (2B8, BD Biosciences Pharmin-
gen), and a lineage marker (Lineage Detection Kit, Miltenyi Biotec
Inc., Bergisch Gladbach, Germany). Subsequently, we analyzed
the stained cells using a MoFlo XDP cell sorter system (Beckman
Coulter, Fullerton, CA).

RNA sequencing and real-time PCR

After obtaining total RNA extracts from 5000 L'T- or ST-HSCs
using Isogen (Nippon Gene, Tokyo, Japan) in triplicate, we
synthesized cDNA using a SMARTer Pico cDNA amplification kit
(Clonetech, Mountain View, CA) and amplified them with 20
cycles of PCR. Using the standard protocols for the SOLIiD
system, we sequenced the amplified ¢cDNA using a SOLIiD
sequencer (Life Technologies, Carlsbad, CA), as described
previously [36]. In the RT-PCR assay, total RNA was obtained
from the sorted cells and cDNA was synthesized as described
above. We performed RT-PCR using a TagMan Gene Expression
Assay (Life Technologies) for the genes indicated with the BioMark
HD system (Fludigm, South San Francisco, CA).

Read mapping and quantification

We used the TopHat (v1.4.1)/Cufflinks (v.2.0.2) pipeline [33)
with the sequenced reads (quality score, >135). The pipeline was
coupled to Bowtie (v.0.12.7) [62]. We employed the recursive read
mapping method, as described previously [32]. In brief, we applied
TopHat by truncating the 3" ends of unmapped reads and by
realigning the reads using more stringent parameters. We set the
parameters empirically, which were used sequentially, as the read
length, -initial-read-mismatches”, -segment-mismatches”, and
”-segment-length”: (50, 3, 2, 25), (46, 3, 2, 23), (42, 3, 2, 21), (38, 2,
0, 19), and (34, 2, 0, 17).

The pipeline, which quantifies RNA abundance as fragments
per kilobase of exon per million mapped reads (FPKM), mapped
sequenced reads to the mouse genome (mm9), and then assembled
transcripts with uniquely mapped reads (uni-reads) for each
replicate. We used Cuffcompare to merge all the transcript
assemblies; 14,728 and 14,128 RefSeq-annotated genes in LT-
and ST-HSCs, respectively. Using the merged transcript assembly,
we performed Cuffdiff, which calculates FPKMs across all
replicates and detects DEGs via two-group #tests coupled to a
Benjamini-Hochberg false discovery rate (FDR) procedure. We
further used transcripts that satisfied the following conditions:
successful deconvolution, FDR of <0.05, complete match of
intron chain, and FPKM of >0.001. The mouse genome and
RefSeq annotation were downloaded from http://genome.ucsc.
edu/.
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Long-term competitive reconstitution assay

We cultured CD34~ KSL HSCs derived from C57BL/6-Ly5.1
congenic mice for 5 days with or without 20uM GW1929 (Sigma-
Aldrich, St. Louis, MO) in S-Clone SF-03 medium (Sanko-
Junyaku Co., Tokyo, Japan) supplemented with 0.5% bovine
serum albumin (Sigma, St. Louis, MO) and 50 ng/ml mouse stem
cell factor and 50 ng/ml mouse TPO (all from R&D systems,
Minneapolis, MN). Next, we performed a long-term competitive
reconstitution assay by transplanting cultured cells with 5 x 10°
whole bone marrow competitor cells derived from C57BL/6-
Ly5.2 Wt mice into lethally irradiated (9.5 Gy) G57BL/6-Ly5.2
Wt mice.

Log-linear model (LLM)

Suppose that we consider binary-stated (absence or presence)
TFs {4, B, C}. The observed counts fall into 23-dimensional
contingency table by cross-classifying the TF states. The full model
(FM), which contains all the possible interactions, gives the
logarithms of probabilities as follows:

log i = A+ + 47+ 45 + AP+ 24C + 256

ABC
e e

i (1)
where 7, j and £ are the state indices of {4, B, C}, As are unknown

paramcters, A8 Z,{,’(C and )ﬁc represent the interaction effects

et
among the indexed variables. If an instance of 4 is independent of
B, FM can be reduced to a reduced model (RM) with respect to

the hierarchy [31], which is given as follows:

log pie = A+ A + A7 + 5 + 245+ A5C. (2)

This model can be reformulated as

®)

where 7+ denotes the summation over the corresponding index.
This formula is equivalent to Pr(4=i,B=j|C=k)=Pr(4d=/]|
C=k.)Pr(B=j|C =k), which means that 4 and B are independent
in the conditional distribution given C (4l B|C).

To find the most parsimonious: RM, we remove an interaction
term from the current model and measure two p-values for the
asymptotic 2 test of a likelihood ratio G2 statistic [31]. The p-
values comprise p-FM, which is the difference between FM and
RM, and p_RM, which is the difference between the current
model and RM. We accept a removal if it yields the largest o RM
(=0.01), and we terminate if any removal test yields <0.01 for
cither p_RM or p_FM.

DPijk =(Pi+k‘P+jk)/P+ +ks

Iterative random sampling for LLM

A large number of TFs can easily yield a vast dimensional
contingency table. To find a near optimal parsimonious model
even in such higher-dimensional space, we designed an iterative
sampling scheme that allowed us to calculate interaction
probability Pr as follows.

Let G={V,£} is an undirected graph, where V is a finite set of
vertices (TFs) and £ is a set of edges, which represent the
interactions between vertex pairs. The scheme is as follows.

1.1. 8={s1,...,5¢}, a nonredundant combination of TFs, is
selected randomly from all TFs (k=10 in the present study).

2. For all possible vertex pairs (5;,5;), the trial number ntry; of an
edge between s; and s; is counted (i.e., FM of £ variables).
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. LLM infers the best model G’ =(8,£"), where £’ is a set of edges
that represents TF-TF interactions.

. For all possible vertex pairs (s;,5;), if an edge in £’ links a pair
(5,5;), the observed edge frequency nobs; for this pair is
counted.

. For all possible vertex pairs (5;,57), the interaction probability Pr
for a pair (s;,5;) is updated using nobs;/ntry;.

IFG=(V,E), where £ is a set of edges (Pr=1.0), is not changed
with a large number of samplings (=100,000); therefore, this
procedure is terminated. Otherwise, steps 1-5 are repeated.

Linear regression model
We used a multivariate regression model

log ¥;= ijX,-j+e,-, 4)
J

A,Ij = Z Xk, (5)
k

where Y; is the expression of gene ¢, Xj; is TGAS of the jth TFBS

in the promoter region of gene 7, w; is RC of the jth TFBS, and ¢;

is the error term. TGAS is the sum of scores xi, where £ represents

the position of the jth TFBS in promoter i. We tested the following

forms of xg.

e I: matrix similarity s of TFBS j scored using MATCH[43]
(oK = Sk)-

II: TGAS I modified by a location-dependent weight Z,

X =38k X Lk.

(6)

III: TGAS II weighted by the expression fold change (F) of
TFs,

kaSkXLkX ZFkl’ (7)
i«

where k" is the index of TFs binding to TFBS j. If FPKM for
TFis <3, we use F=1.

IV: the same as TGAS III, but we removed TFBSs where
none of the TFs had FPKM of >3.

V: TGAS III weighted using both F5 of interactive TFs and
the interaction probability Pr estimated by LLM,

xk=SkXLk><(ZFk/+Ik/) 8)
7

k

’ I
k k
Ikl: Z Z:IFI/F;/PI‘I/]/. (9)
I =1j>i

We used a published method to calculate L [40]. First, we
calculated the distribution of TFBS ;j in bins (=500 bp) of
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promoter regions and created a histogram Hyeq. Next, we
randomized the positions of TFBS ;j and created a histogram
H,anq. L for the kth TFBS j is given by the following:

0 s
H, real (m) —H, rand (m)
H, real (m) ’

if Hyewr (’") <Hyana (m)

Li= ,
* U( H, real (m) > H, rand (m),

(10)

where m represents the index of bin that corresponds to the
position of the &th TFBS j. This location-dependent weight takes a
value between 0 and 1, where a higher weight implies nonrandom
occurrence.

Stepwise selection of the regression model

We built a regression model with the explanatory variable X
and then reduced the model using AIC. Let the reduced model be
Y with X' X — X ={x,%,.. .} is the variables removed on the
basis of AIC. Vis the set of all pairwise terms of x;x; (i#)). We
searched any elements of I that improve Pearson’s correlation
coefficient r of 5-fold CV on testing datasets.

1. Randomly select v; (€V) and add it to X', which yields X"

. Perform 5-fold CV with X" and calculate the averaged r on
testing datasets.

.If the 7 has been improved, update X" to X .
. Repeat step 1-3 until all v; have been tested.

. Calculate Pearson’s correlation coefficient R between observed

and predicted FPKMs of all genes by using the final model.

We run this procedure 100 times using different random seeds.
The final R is referred to as a model quality in this study.

Bioinformatics analysis

We obtained array-based gene expression profiles [8,9] from
BloodExpress [63], RNA-seq data for megakaryocyte/erythroid
precursors and megakaryocytes from http://genome.ucsc.edu/
encode/, and RNA-seq data for MII oocytes and two-cell embryos
from DDBJ DRAO001066. The public RNA-seq datasets were
analyzed using the pipeline mentioned above. To search putative
TFBSs and TFs in TRANSFAC professional (released in January
2013) [39], we prepared + 5kb DNA sequences from transcription
start sites (I'SSs) annotated in RefSeq (http://www.ncbi.nlm.nih.
gov/refseq/), and applied the MATCH tool in the minimize false-
positive mode [43].

To analyze the enriched GO terms, we used the DAVID
Bioinformatics Resources [35]. Significant terms detected by
DAVID (EASE score, a modified Fisher’s exact p-value, <0.01)
were grouped into representative ancestor terms in the dataset GO
Slim2 using CateGOrizer [64]. We used the R programming
language (http://www.r-project.org/) for regression modeling and
to perform statistical tests. Although all p-values were adjusted by
Bonferroni correction (Tables S6 and S8-S11), we used uncor-
rected p-values throughout this study to avoid too conservative
interpretation that would reduce biologically meaningful findings.

Data access

The RNA-seq data generated in this study have been deposited
in the DDBJ (DNA Data Bank of Japan) Sequence Read Archive
(DRA) under accession number DRA001213. The online version
of LLM is available at http://dbtmee.hgc.jp/tools/.
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Supporting Information

Figure S1 Correlation analysis of gene expression levels
measured using RNA-seq assays. (A) Reproducibility based
on triplicate analyses of LT- and ST-HSCs. (B) Comparison of the
gene expression correlations in the present study to those reported
by Karlsson et al. [15], who purified HSCs using GD487, CD150%,
CD34~, CD9"&" KSL for LT-HSCs and CD48~, CDI150",
CDY*¥ KSL for ST-HSCs.

(EPS)

Figure §2 Contribution of higher-order TF interaction
scores estimated by LLM. (A) Statistical differences of 2
regression cocflicient (RC) ensembles of a TFBS found commonly
by TGAS Il and V (two-sample #test). (B) Distribution of the TF
interaction score J; in Equation 9.

(EPS)

Figure S3 Box plots of RCs estimated by 100 iterations
of regression modeling with TGAS V. Pos and Neg represent
the positive (red) and negative (blue) mean values of RCs (red line),
respectively.

(EPS)

Figure S4 Subnetworks involved in ST-HSC regulation.
Although the majority of TF-coding genes found in ST-HSCs
(Figure 4A) were not differentially expressed, 26 differentially
expressed TFs that putatively bind to 21 TFBSs were present
among DEGs (Class A and Class B).
(EPS)

Figure S5 Propensity of the TFBS activities inferred
from public RNA-seq datasets. We applied our method to
public RNA-seq datasets related to sequential cell development (A)
and lineage commitment (C). Our procedure evaluates the
averaged R of 5-fold CV on testing datasets (blue line). If a model
improved R in testing, the model was accepted and its R value
between the observed and predicted gene expression of all genes
was measured (red line). (B) Of 147 TFBSs (p <0.05), 67 TFBSs
(Class A; upregulated in Oo) and 80 TFBSs (Class B; upregulated
in 2C) exhibited significant gains and losses of activity (p <0.001).
In addition, 73% (49/67) of Class A and 52.5% (42/80) of Class B
genes exhibited no changes in the effects of their TFBS activities
between cells, ie., positive (negative) in Oo was still positive
(negative) in 2C. We found that 16% (8/49) of Class A and 83%
(35/42) of Class B genes had increased activities in 2C compared
with Oo. (D) Among 150 TFBSs (p <0.05), 98 TFBSs (Class A,
upregulated in MEP) and 114 TFBSs (Class B, upregulated in Mk)
exhibited significant gains and losses of activity (p <0.001). We
also found that 83% (81/98) of Class A and 76% (87/114) of Class
B genes exhibited no changes in the effects of their TFBS activities.
All of the TFBSs in both classes exhibited increases in the strengths
of their activities in Mk compared with MEP. R, Pearson’s

:
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Abstract

Unraveling the biological information within the regulatory region (RR) of genes has become one of the major focuses of
current genomic research. It has been hypothesized that RRs of co-expressed genes share similar architecture, but to the
best of our knowledge, no studies have simultaneously examined multiple structural features, such as positioning of cis-
regulatory elements relative to transcription start sites and to each other, and the order and orientation of regulatory motifs,
to accurately describe overall cis-regulatory structure. In our work we present an improved computational method that
builds a feature collection based on all of these structural features. We demonstrate the utility of this approach by modeling
the cis-regulatory modules of antenna-expressed genes in Drosophila melanogaster. Six potential antenna-related motifs
were predicted initially, including three that appeared to be novel. A feature set was created with the predicted motifs,
where a correlation-based filter was used to remove irrelevant features, and a genetic algorithm was designed to optimize
the feature set. Finally, a set of eight highly informative structural features was obtained for the RRs of antenna-expressed
genes, achieving an area under the curve of 0.841. We used these features to score all D. melanogaster RRs for potentially
unknown antenna-expressed genes sharing a similar regulatory structure. Validation of our predictions with an independent
RNA sequencing dataset showed that 76.7% of genes with high scoring RRs were expressed in antenna. In addition, we
found that the structural features we identified are highly conserved in RRs of orthologs in other Drosophila sibling species.
This approach to identify tissue-specific regulatory structures showed comparable performance to previous approaches, but
also uncovered additional interesting features because it also considered the order and orientation of motifs.
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Antenna is a sensory organ located in the anterior part of an
insect’s head. It is usually covered with olfactory receptors able to
detect odor particles in the air, and is sometimes used as humidity
sensors for detecting changes in vapor water concentrations. The
function of antenna has been studied for understanding the
receptor-odorant interactions [5] and analyzing the expression
profiles of odorant binding proteins [6]. Other studies have also
addressed how flies use the sensing of air motion for controlling
flight [7]. Given the importance of antenna and that Drosophila
melanogaster is a well-studied model organism with a large amount
of available genomic data to validate new findings, we have chosen
the co-expressed genes in D. melanogaster antenna for our analysis
of RRs.

Quantitative analyses of enhancer activity of different DNA
sequences have revealed many cell type-specific D. melanogaster
enhancer sequence elements [8]. Computational approaches for
finding cis-regulatory modules using thermodynamic modeling
based on D. melanogaster TFBS preferences suggest that positional
information is highly important and that weak and strong TFBSs
contribute equally to regulation of gene expression [9]. Further-

Introduction

Understanding the biological information encoded in RRs of
genes constitutes one of the greatest challenges in genomics.
Analysis of regulatory structure can provide important insight into
interactions with specific transcription factors (TFs) and can help
predict genes that will be expressed in certain tissues, cell types, or
physiological conditions.

Several recent studies have revealed interesting details about
regulatory structure and TF binding sites (IFBSs). Cis-regulatory
elements and motif pairs that are bound by interacting proteins
have demonstrated the co-occurrence of specific TFBS in some
promoters [1]. Many of the genomic regions that are densely
bound by TFs have also revealed new binding relationships
between factors [2]. Other studies have examined dependencies
among TFBSs. For instance, a set of rules to define the presence
and pairwise positioning effects of motifs was developed for
modeling human and mouse promoters [3]. Novel motif patterns
have also been observed in the promoters of co-expressed genes in
Arabidopsis  thaliana [4]. However, none of these studies
considered the orientation, pairwise positioning, and order of the

motifs within the RR.
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more, a machine-learning framework that integrated TTF binding,
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evolutionarily conserved sequence motifs, gene expression and
chromatin modification data was designed to predict putative
functions for uncharacterized genes involved in D. melanogaster
nervous system development [10]. This integrated framework
demonstrated a complementarity between physical evidence of
regulatory interactions and coordinated expression. Similarly,
reporter gene assays have demonstrated organ-specific expression
patterns in D. melanogaster [11].

Although some solitary TFBSs are potentially functional, most
methods intended to identify c¢is-regulatory modules do not take
them into consideration. In addition, despite the clear interde-
pendency among TFBSs, no computational method has simulta-
neously examined positional and structural relationships of
different motifs to model the RR of co-expressed genes. In
general, details about the regulatory structures responsible for
regulating tissue- or condition-specific gene expression are still
lacking.

Here we report a novel computational method that incorporates
several different structural features (SFs), including motif orienta-
tion, order, position relative to the transcription start site (TSS),
and pairwise positioning of motifs to wholly describe the
regulatory architecture of D. melanogaster antenna-expressed
genes. Although a previous framework combined some of these
SFs [12], it did not consider the order of regulatory motifs,
focusing instead on motif discovery.

Since a broad genomic region around the TSS is considered in
this work, we will analyze the cis-regulatory modules of Drosophila
genes, rather than only their core promoter region. To avoid
confusion, we will define the “regulatory regions” (RR), as regions
that comprise not only the Drosophila core promoter region but
also enhancers located in its proximity.

This analysis initially predicted six motifs in the RR of antenna-
expressed genes, three of which appeared to be novel. We then
created a feature collection using all of the predicted motifs and
removed irrelevant features with a correlation-based filter. The
resulting feature set was further optimized with a genetic algorithm
(GA), which achieved an area under the curve (AUC) of 0.841 and
produced eight features that best characterize the RR of antenna-
expressed genes. This final feature set was used to score all the
RRs of D. melanogaster genes for unknown antenna-expressed
genes sharing a similar regulatory structure. Of the 1000 genes
with the highest-scoring RRs, RNA sequencing (RNA-seq) data of
antenna-related cell types showed that 76.7% of them were
expressed in antenna tissue. We next searched for the presence of
our SFs across the Drosophila lineage and found evidence for their
conservation in the RR of orthologs in other sibling species.
Finally, we also used a set of Caenorhabditis elegans muscle-
expressed genes to compare our method to a similar approach
[13], thus uncovering relevant SFs related to the order and
orientation of regulatory motifs.

Results

Our approach consisted of three main steps (Figure 1): the first
step focused on identifying over-represented motifs in the RR of
antenna-expressed genes, the second step focused on generating a
broad set of SFs and the third step is intended to optimize the set
of SFs that best describe the RR of these genes. Co-expression data
were obtained for an initial set of 224 D. melanogaster antenna-
expressed genes from COXPRESdb [14]. The initial set was
randomly split into three exclusive subsets: a “motif-prediction”
set (90 genes), a “feature-generation” set (44 genes), and a “model-
build” set (90 genes).
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Predicted antenna-related motifs

We first predicted cis-regulatory motifs in the 90 RRs (1.5 kbp
upstream and 500 bp downstream of the TSS) of antenna-
expressed genes in the “motif-prediction” set. We initially
uncovered 65 de novo motifs. After removal of redundancy in
this motif set, 25 non-redundant motifs remained. By using the
same “motif-prediction” set, we computed the over-representation
index (ORI) [15] for these motifs and removed those with low
levels of enrichment in the RRs of antenna-expressed genes. Thus,
our final motif collection contained six highly enriched, non-
redundant motifs, which we designated D. melanogaster enriched
(DME) 1-6 (Figure 2). These motifs were compared with those in
the JASPAR CORE Insecta database of eukaryotic TF binding
profiles [16] and three significant matches were found. DME-4
matched the motif bound by the TFs Eip74EF (ecdysone-induced
protein 74EF) and STATI2E (signal transducer and transcription
activator), whereas DME-5 and DME-6 matched the motifs
bound by the TFs Eip74EF and opa (pair-rule protein odd-paired).
To the best of our knowledge, none of these motifs has been
reported to be important in antenna. The analysis of acetylation
patterns on Drosophila ecdysone induced Eip74EF and Eip75B
genes has shown acetylation of histone H3 lysine 23 in promoters
and its relationship to ecdysone induced gene activation [17]. The
activation of STAT92E, a signal transducer in early wing imaginal
discs has been shown to inhibit the formation of ectopic wing fields
whereas specifies dorsal pleural and inhibits notum identity to
divide the body wall [18]. The TF opal, on the other hand,
increases mitochondrial morphometric heterogeneity, thus allow-
ing heart dilation and contractile impairment in Drosophila [19].
For the remaining three motifs we did not find any significant
match in the JASPAR CORE Insecta database [16], so they
appear to be new motifs with potentially important roles in
regulating antenna-expressed genes. Comparisons of our six motifs
with other previously found in Drosophila [20] showed a certain
similarity of motifs DME-3 and DME-6 to Motif 7 and Motif 1
(see Table 2 in {20]), respectively.

Generated and filtered SFs

The six over-represented motifs were used to scan the RRs of
genes in the “feature-gencration” set for SFs based on position
relative to the TSS, pairwise positioning, orientation, and order of
these motifs. The regions were scanned in 100-bp windows in both
directions (1.5 kbp upstream and 500 bp downstream) from the
TSS (Figure 3), and we identified 544 features. To describe the
order of motifs, the positions of no more than three motifs were
considered per feature. We binarized the features so that each RR
was represented as a vector where the presence (1) or absence (0) of
each feature was indicated. The 544 features were also examined
in the RRs of genes in a negative control set (genes with low
expression in antenna; Z-score <—1). We then built a 544x1117
binary matrix (544 features; 44 genes in the “feature-generation”
set and 1073 genes in the negative control set). This feature set was
filtered with a correlation-based filter [21], which removed any
features for which the correlation with the RR of genes in the
“feature-generation” set did not predominate, even after removing
redundant features. After filtering, 19 SFs remained.

Optimization of the SFs

We weighted the 19 filtered features based on their relevance in
describing the RR of antenna-expressed genes and designed a GA
to obtain the most informative combination of features. Unlike
traditional machine learning methods, GA operates without a
priori knowledge of the problem to be solved. When used in
optimization problems, they tend to be less affected by local
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Figure 1. Workflow of our computational method.
doi:10.1371/journal.pone.0104342.g001

maxima than other methods. Because of these advantages, we
employed a GA to identify the best combination of features. The
“model-build” and negative control gene sets were randomly split

into five subgroups, and the GA was trained with four of the
subgroups and tested with the remaining one. The fivefold cross-
validation (CV) method [22] was repeated 100 times, and the best

CV run of the GA, which achieved an AUC of 0.841 (Figure 4),

was considered for further analysis. After this validation process,
the previous collection of 19 features was reduced to eight high-
confidence SFs (Figure 5).

Genes sharing similar regulatory structure
To evaluate the biological validity of the eight identified SFs, we
used them to scan the entire D. melanogaster genome for genes

with a similar regulatory structure. By using a scoring system that

sums up the weight of every present SF, we scored each RR

according to the SFs it contained and selected the 1000 genes with
the highest-scoring regions. We next obtained the Gene Ontology

(GO) terms [23] (uncorrected p-value =0.01) for these genes and

found that a reduced subset of them appear to function in “bristle
morphogenesis”, in the biological process that generates sensory
bristle structures, or in basal functions of the cell (Table SI).

Because the corrected GO term p-values were exceptionally high,

probably owing to the lack of complete annotation data, we
further mapped the RNA-seq data of two cell lines in the third

instar larval stage to D. melanogaster genome. The cell lines were

42

taken from the tissue eye-antenna disc-derived cell-line (DCCid:
modENCODE_4399) and antenna disc-derived cell-line (DCCid:
modENCODE_4402), respectively. We found that 7,691 (63.1%)
of 12,192 genes in the genome-wide set were expressed in antenna,
whereas 767 (76.7%) of 1000 genes with high-scoring RRs
according to our identified features were expressed in the antenna-
related cell types. From the 7,691 antenna-expressed genes, 5,666
of them were among the 7,691 genes with highest-scoring RRs.
This percentage of antenna-expressed genes (76.7%) is given
because we have used a high threshold (Fragments Per Kilobase of
transcript per Million mapped reads (FPKM)>1) compared to
previous studies [24] (FPKM>0.05). Because this expression data
originated from immature cells, many receptor genes showed little
or no expression at all.

We noted that among the 50 genes with highest-scoring RRs
(Figure S1 and Table S2), only two were also included in the
“motif-prediction”, “feature-generation”, and “model-build” sets.
Since each gene in the initial sets has different SFs, genes with RRs
containing more SFs or more heavily weighted SFs will score
higher compared to others. From the initial set of 224 genes, 81
genes were among the 1000 top scoring genes. We next verified
how many of the 50 highest-scoring RRs contained the identified
SFs. We found that all 50 of the RRs contained DME-3 at ~0—
100 bp from DME-3 on the plus strand (feature 1), 11 RRs had
DME-5 at ~100-200 bp from the TSS on the minus strand
(feature 2), 34 RRs had DME-4 at ~200-300 bp from the TSS on
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motif, TOMTOM p-value, and citations are also given for motifs that matched already identified motifs.

doi:10.1371/journal.pone.0104342.g002

either strand (feature 3), 40 RRs had DME-5 at ~600-700 bp
from the TSS on either strand (feature 5), and 19 RRs had DME-6
at ~300—400 bp from the TSS on either strand (feature 8). The
scoring of D. melanogaster RRs uncovered genes ‘with known
biological functions in sensory organs and others with unknown
biological function. Figure 6 depicts four of the 50 highest-scoring
RRs, three of which are involved in detecting chemical stimuli,
sensory organ development, and neurogenesis, and one with
unknown biological function. Gr22b (FlyBase ID FBGN0045500)
encodes a protein involved in detecting chemical stimuli [25]. The
RR of Gr22b shares three SFs 1, 3, and 5 with that of ac (FlyBase
ID FBGN0000022) and Adk2 (FlyBase ID FBGN0022708), which
encode proteins involved in sensory organ development and

neurogenesis [26,27]. The RR of gene CG17298 (FlyBase ID
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FBGN0038879) shares the previous three features with that of
genes Gr22b, ac and Adk2 while also containing feature 8
(Figure 6).

Furthermore, genomes of 11 Drosophila sibling speties were
downloaded from FlyBase database [28]. RRs of each Drosophila
specie’s genes were extracted. Each RR was scanned for potential
binding sites of the six enriched antenna-related motifs. We next
scanned every RR for the presence of our eight SFs. As a result, we
found that feature 1 is extensively conserved across Drosophila
orthologs. In addition, the RRs of the closest orthologs mostly
share features 2, 3 and 5 (Figure 7 and Figures S2 and S3).
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indicate the computed SFs.
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Comparison with another method

We compared our computational method to a similar reported
promoter structure-modeling approach [13] with a set of 121 C.
elegans muscle-expressed genes. We randomly split such a set into
three independent subsets: a “Ce motif-prediction” set (48 genes),
a “Ce feature-generation” set (23 genes), and a “Ce model-build”
set (50 genes). The C. elegans genome was obtained from
WormBase [29]. RR extending from 1 kbp upstream to 200 bp

downstream of the TSS was analyzed. Two different motif-
discovering algorithms: MEME [30] and Weeder [31] were used
for predicting de novo motifs in the RRs of muscle-expressed genes
in the “Ce motif-prediction” set. A total of 64 de novo motifs were
uncovered, and 18 non-redundant motifs were obtained after
removing redundancy. We next computed the ORI [15] of each
previous motif, leaving us with 11 over-represented motifs (Table
S3). Comparison of the motifs with those in the JASPAR CORE
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Figure 4. Performance of our GA with two different sets of co-expressed genes. The red line represents the AUC for antenna-expressed
genes in D. melanogaster, and the blue line represents the AUC for muscle-expressed genes in C. elegans.

doi:10.1371/journal.pone.0104342.g004
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