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Abstract

Background: It is generally accepted that gene order in eukaryotes is nonrandom, with adjacent genes often
sharing expression patterns across tissues, and that this organization may be important for gene regulation. Here
we describe a novel method, based on an explicit probability model instead of correlation analysis, for identifying
coordinately expressed gene clusters (‘coexpression segments’), apply it to Drosophila melanogaster, and look for
epigenetic associations using publicly available data.

Results: We find that two-thirds of Drosophila genes fall into multigenic coexpression segments, and that such
segments are of two main types, housekeeping and tissue-restricted. Consistent with correlation-based studies, we
find that adjacent genes within the same segment tend to be physically closer to each other than to the adjacent
genes in different segments, and that tissue-restricted segments are enriched for testis-expressed genes. Our
segmentation pattern correlates with Hi-C based physical interaction domains, but segments are generally much
smaller than domains. Intersegment regions (including those which do not correspond to physical domain boundaries)
are enriched for insulator binding sites.

Conclusions: We describe a novel approach for identifying coexpression clusters that does not require arbitrary cutoff
values or heuristics, and find that coexpression of adjacent genes is widespread in the Drosophila genome. Coexpression
segments appear to reflect a level of regulatory organization related to, but below that of physical interaction domains,
and depending in part on insulator binding.
Background
Many factors contribute to genome organization, but
one feature seen broadly across eukaryotes is that genes
with similar patterns of expression often are physically
clustered [1,2]. The S. cerevisiae genome is enriched for
pairs and triplets of coexpressed genes, which also often
have shared function [3-5]. Essential genes also form
clusters in yeast, independently of coexpression cluster-
ing [6]. The ordering of coexpressed genes and essential
genes in yeast is conserved over large evolutionary dis-
tances [6-8]. Arabidopsis thaliana also shows evidence
of clustering by expression and by function [9,10], but
unlike in yeast, Arabidopsis clusters can be quite large,
including up to 20 genes [10], and up to 10% of Arabi-
dopsis genes belong to such clusters [11]. The nematode
C. elegans has small coexpression clusters of 2–5 genes
[12,13] that are not attributable to operons [14]. Unlike
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other eukaryotes studied, tandem duplicates are heavily
represented in C. elegans expression clusters [12].
Initial analyses in Drosophila described clusters of

three or more tissue-specific genes, particularly for testis
[15], and large domains of 10–30 coordinately expressed
genes [16]. Subsequent statistical analyses indicate that
the large domains are actually artifactual aggregates of
smaller coexpression clusters, comprised of housekeep-
ing genes and functionally coordinated genes [17], and
experiments measuring the effect of chromosomal rear-
rangements that disrupt the large domains did not sup-
port the idea that they are important for controlling
gene expression [18]. Evidence for conservation of ex-
pression clusters across Drosophila species is mixed.
Genes within syntenic blocks are more likely to have
correlated expression than expected by chance [19], and
some regions show evidence of coevolution of expres-
sion [20]. However, other studies associate short inter-
genic distance and coexpression with higher rates of
genomic rearrangement [17].
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In mammals, housekeeping genes form clusters [21,22],
as do low-expression genes that are inactive in most tis-
sues [23]. There is evidence of clustering of testis-specific
genes in mouse [24]. In contrast to yeast, there is little evi-
dence for clustering based on gene function in mammals
[22]. A screen for mouse essential genes showed that they
are enriched in certain chromosomal regions [25], al-
though it is unclear if the genes in these clusters are coor-
dinately expressed. Vertebrate coexpression clusters are
thought to arise gradually over evolutionary time, and
some are conserved between human and chicken [26],
and human and mouse [27]. Clusters that include highly
expressed genes are not more likely to be conserved than
expected by chance [27], and linkage between highly
expressed genes may in fact be deleterious [28].
Functionally coordinated gene clusters, which often

overlap with coexpression clusters, are not conserved
across eukaryotes, and the genes and functions that clus-
ter differ widely across the species studied [29,30].
The appreciation that genome location affects expres-

sion dates back to observations of differential expression
of transgene insertions [31], but the mechanisms that
maintain coexpression clusters remain unknown. Pro-
posed mechanisms include LCR-mediated activity such
as in the β-globin locus [32], sharing of proximal regula-
tory features [33], or regional enhancers [34]. Analyses
in several species have shown that adjacent coexpressed
genes tend to be physically closer than the average
[7,8,10,35-37], but it is not known if this is required for
coexpression. Insulator proteins are thought to help sep-
arate genomic regions into domains of activity or in-
activity governed by long-range regulatory elements that
affect many genes [38]. The insulator protein CTCF has
been implicated in the creation and maintenance of
chromatin loop domains [39]. Other experiments associ-
ate localization to the nuclear pore with increased ex-
pression [40], or proximity to the nuclear lamina with
repression of transcription [41]. Recent advances in
chromatin conformation capture and other methods for
interrogating the three-dimensional structure of the nu-
cleus allow characterization of physical contacts between
genomic regions [42-46]. These studies provide evidence
for interactions among neighboring genes, which may be
related to gene coexpression.
Here we describe a novel method for identifying coex-

pression clusters and apply it to Drosophila expression
data from a diverse set of tissues. In contrast to previous
studies, we use an explicit probability model for segment-
dependent gene expression that allows us to find a best-
fitting partition of the genome into contiguous segments
of coordinately expressed genes. Our approach avoids
prior assumptions about segment size, the magnitude of
coexpression effects, or other heuristics, and is based on
parameters with natural mechanistic interpretations. We
identify widespread small clusters of coexpressed genes
and explore their properties. In particular we provide evi-
dence for an association with physical interaction domains
(contiguous regions that are enriched for internal chroma-
tin contacts) [46] and insulator binding sites.

Results and discussion
Expression model
Previous work using correlation-based methods to iden-
tify clusters of coordinately expressed genes has had
mixed success [4,10,16,47]. Correlation-based results are
strongly affected by the choice of arbitrary cutoffs that
may over- or under-estimate coexpression and may lead
to artifactual clustering [16-18]. We instead use an ap-
proach that is based on an explicit probability model for
the observed expression data. The model assumes that
the genome can be partitioned into contiguous groups
of genes (coexpression segments) such that the genes
within a segment tend to have similar expression levels
across tissues. Specifically, the (tissue dependent) expres-
sion value for a gene in a given segment is assumed to
be the sum of a segment effect, which represents a re-
gional effect on expression in a given tissue that influ-
ences all genes in the segment equally and represents
shared regulation, and a gene-specific deviation, which
reflects private regulation and ‘noise’ (stochastic or
measurement). A segment may consist of one or many
genes. We performed our analyses using microarray
data, taking the steady-state mRNA abundance mea-
sured by these arrays as a proxy for transcriptional activ-
ity, however our method is easily adaptable to data from
other technologies. Model details, our procedure for
finding an optimal segmentation of the genome, and
analyses confirming that our approach recovers the cor-
rect segmentation from simulated data are described in
Methods.

Properties of Drosophila expression segments
We analyzed expression data from Drosophila melanogaster
generated by the FlyAtlas project [48]. The FlyAtlas data-
set samples 32 diverse tissues, of which we analyzed 27
after quality filtering, and 11363 genes. Optimal segmenta-
tion identification is reasonably robust (see Methods), and
we chose the best scoring segmentation for followup ana-
lysis. Roughly two thirds of genes fall into multigene seg-
ments and thus appear to have coordinated expression
with their neighbors across tissues (Additional file 1).
Multigenic segments have a mean of 3.1 genes (median
2.0) (Additional file 2: Figure S1A). To examine across-
tissue expression patterns, we plotted the across-tissue
means and standard deviations of segments with three or
more genes. These segments cluster into two classes: one
having low mean and high standard deviation (indicating
highly variable expression across tissues), and the other
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having low standard deviation (suggesting “housekeeping”
style expression) (Figure 1). The 302 segments in the top
quartile for standard deviation value tend to have highly
tissue-restricted expression patterns, with mean expres-
sion that exceeds the dataset median in only a small num-
ber of tissues. For 119 of these, expression is restricted in
this sense to a single tissue, and for 106 of the 119, the tis-
sue is testis. This supports previous studies in Drosophila
and mouse showing that testis-expressed genes often form
coexpression clusters [15,24]. In contrast, segments
expressed in non-testis tissues are often expressed in at
least one other tissue (Additional file 2: Figure S2).
To identify segments with shared function as well as

coexpression, we tested each segment for significant en-
richment of GO Slim categories associated to its genes.
Enriched segments are uncommon but more frequent
than expected by chance (based on comparison to shuffled
segmentation patterns) with 209 of 2442 multigenic seg-
ments having a significantly enriched term (P = 0.00324)
(Additional file 3: Table S2).
We then looked for features that may illuminate

mechanisms for the formation and maintenance of coex-
pression segments. Intergenic regions between segments
Figure 1 Scatterplot of across-tissue mean expression vs. across-
tissue standard deviation reveals two classes of segments.
Segments with three or more genes are plotted. The tissue-specific
expression value of a segment is taken to be the average of its
component genes’ values; the mean and standard deviation across
tissues of each segment’s values are the coordinates for the plotted
point. The horizontal dotted line denotes the cutoff for the top quartile
of segments by standard deviation. The vertical dotted line denotes
the median gene expression value across all genes and tissues.
Segments close to the X-axis have similar expression values for every
tissue; those close to the Y-axis have high expression in a minority
of tissues.
are longer than intergenic regions within segments (P =
1.39e-24 by Kolmogorov-Smirnov test) (Additional file 2:
Figure S1B and C). This length difference is consistent
with previous work on coexpressed genes in Drosophila
and other organisms [7,8,10,35-37]. We verified that it
is independent of repeats in the intergenic regions
(Additional file 2: Figure S1D and E). This suggests that
(perhaps not surprisingly) the mechanisms involved in
establishing or maintaining coexpression may be less ef-
fective over longer distances.
We analyzed gene orientation for adjacent pairs of genes

and found that two-gene segments are enriched for “head-
to-head” gene pairs, which may be regulated by a
bidirectional promoter [49], relative to pairs flanking in-
tersegment regions (P = 1.24e-6) or adjacent pairs within
longer (three or more gene) segments (P = 0.0021). 31.6%
(390/1236) of all two-gene segments have head-to-head
orientation, and 48.8% (1521/3118) of all head-to-head
pairs lie within a segment, indicating that while head-to-
head orientation may facilitate coexpression, it is neither
required nor diagnostic (Additional file 3: Table S3).
Physical interaction domains [46] represent an intri-

guing candidate mechanism for coexpression regulation.
We find a highly significant sharing (P = 2.28e-20) of
segment and interaction domain endpoints, with 60.8%
(571/939) of interaction domain endpoints also being
segment endpoints. However, segments are much
smaller than interaction domains (mean sizes 1.8 genes
vs. 10.3 genes) and only 49 interaction domains consist
of a single segment (not significant, P = 0.248).
Insulators may play a role in establishing interaction

domain boundaries [46]. However, many insulator bind-
ing sites do not lie at interaction domain boundaries.
We investigated the possibility that insulators may play a
broader role in defining segments, using insulator ChIP-
seq peak data generated by Nègre et al. [50]. We first
confirmed that (consistent with the results of Sexton
et al.) peaks for BEAF-32, CP190, CTCF, GAF, and Mod
(mdg4) are significantly enriched (per kilobase) in inter-
segment regions that do include a physical interaction
domain boundary (by enrichment factors of 1.83, 1.54,
1.69, 1.54, and 1.42 respectively), and that this enrich-
ment disappears after masking those peaks that overlap
the 2 kb windows centered on interaction domain
boundaries as identified by Sexton et al. (Additional file
3: Table S4). We then investigated intersegment regions
that do not contain an interaction domain boundary. In
the set of all such regions, we see no significant enrich-
ment for insulator peaks. However, if we restrict to inter-
segment regions adjacent to long (three or more gene)
segments, we find that the insulators BEAF-32, CP190,
CTCF, and Su(Hw) are significantly enriched by factors
of 1.30, 1.23, 1.19, and 1.23 respectively (Figure 2)
(Additional file 3: Table S4), as compared to the rest of the



Figure 2 Insulators are enriched in intersegment regions that do not contain physical domain boundaries. Insulator ChIP peaks per
kilobase in intersegment regions adjacent to long (3+ gene) segments that do not contain a physical interaction domain boundary (dark bars) vs.
the rest of the genome (light bars). Asterisk indicates significant enrichment (Bonferroni-corrected P < 0.05) see (Additional file 3: Table S4).
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genome (excluding peaks overlapping the interaction do-
main windows). Thus it appears that insulators may play a
role in defining coexpression segments, beyond their asso-
ciation with physical interaction domains. We also looked
for insulator enrichment in intersegment regions adjacent
to highly tissue-restricted segments, and found that only
Su(Hw) is significantly enriched (by a factor of 1.21
(Additional file 3: Table S4)), consistent with previous
findings that Su(Hw) binds in regions where transcription
is repressed in most tissues [51].
Finally, we used logistic regression to investigate

whether the association between interaction domain and
expression segment boundaries is entirely mediated by
known insulators. Using a model with interaction do-
main boundary presence/absence (in a given region) as
the dependent variable, and insulator peak counts of
various types, region length, and presence/absence of an
expression segment boundary as predictors, we find that
segment boundaries have significant power to predict
physical domain boundaries beyond what can be ex-
plained by insulator peak data and region length
(Additional file 3: Table S5). This suggests that unknown
additional factors are involved in defining both expres-
sion segment and interaction domain boundaries.

Conclusions
We developed a novel method, based on an explicit
probability model, for identifying coexpression clusters
that in contrast to previous approaches does not rely on
arbitrary cutoffs or heuristics. We find that two thirds of
Drosophila genes fall into multigene coexpression
segments, that these segments are of two broad types,
housekeeping and tissue restricted, and that clustering of
genes expressed in a single tissue is largely confined to
testis genes.
Adjacent genes within segments are physically closer

to one another than adjacent genes in different seg-
ments. Our segmentation pattern is correlated with
physical interaction domains [46] and with insulator
binding, suggesting that coexpression segments may rep-
resent substructure within the interaction domains, and
that they may be in part determined by insulator bind-
ing. Since coexpression segments are determined from
expression data across diverse tissues, their association
with physical interaction domains suggests that aspects
of the domain structure may be shared between tissues.
Although our analyses were confined to Drosophila, the
observation that coexpression clusters across many eu-
karyotes tend to have similar properties [2] suggests that
an association with insulator binding and physical inter-
action domains may hold more broadly.

Methods
Data sources
Gene models were downloaded from Ensembl release 66
[52] and genomic sequence from dmel release 5 [53].
We performed an all-by-all BLATP search of annotated
proteins in FlyBase 5.39 [53] to identify candidate para-
logs, and found that 167 genes in the expression dataset
have high identity (defined as greater than 50% amino
acid identity over a 50 amino acid stretch) with another
gene on the same chromosome, comprising 1.5% of all



Rubin and Green BMC Genomics 2013, 14:812 Page 5 of 8
http://www.biomedcentral.com/1471-2164/14/812
genes. No paralogs were removed from the analysis. Re-
peats were annotated using RepeatMasker [54].
Raw expression data were downloaded from NCBI GEO

accession GSE7763 [48] in CEL format and normalized
using RMA [55]. Probes were mapped to genes using the
drosophila2.db annotation package in Bioconductor [56].
Genes with multiple probesets were assigned a single ex-
pression value by taking the median value for the probe-
sets assigned to that gene. We computed the Pearson
correlation across genes for each pair of tissue biological
replicates and eliminated from further analysis any tissue
for which this correlation was less than 0.98 for any
biological replicate pair (Additional file 3: Table S6).
Tissue-specific expression values for each gene were
taken to be the mean of the four biological replicate
measurements.
Gene ordering for purposes of assigning to segments or

determining gene adjacency was based on the annotated
gene transcription start coordinates. The intergenic re-
gion between two adjacent genes is defined as the region
between their annotated start coordinates; the interseg-
ment region between adjacent segments is the intergenic
region between the genes at the proximal segment ends.

Model implementation
The probability model calculations were implemented as
a custom C program that uses parts of the Gnu Scien-
tific Library [57], the R Math Library [58], Argtable2
[59], LibDS [60], Bzip2 [61], and Jansson [62]. Programs
for visualization and analysis of the segmentation pat-
terns were implemented in Python and R. Software is
available from A. R. by request.

Model details
Our probability model for expression values involves, for
each tissue type, a distribution f(s) of segment effects, and
a distribution g(s) of gene-specific deviations. The expres-
sion values we use are normalized microarray fluorescence
intensities, but could in principle be derived from RNA-
seq or other quantitative assays. The probability for a
given segment’s expression data in a single tissue is then:

Z ∞

−∞

Yn
i ¼1

g xi − sð Þ
 !

f sð Þds

where the xi are the tissue-specific expression values for
the n genes in the segment. We take f to be a mixture of
two normal distributions, which provides a good fit to
gene expression values over all tissues (Additional file 2:
Figure S3), and g to be a normal distribution with mean 0:

f sð Þ ¼ ϕN s; μ1; σ1ð Þ þ 1−ϕð ÞN s; μ2; σ2ð Þ
g xð Þ ¼ N x; 0; σð Þ
We assume independence of tissues and of segments, so
the overall likelihood of a segmentation is a product of
probabilities across tissues and segments.
The score (based on BIC) for a segmentation is the log

likelihood modified by a parameter penalty that scales
with the number of segments [63]:

score ¼ −2 ln P x θj Þð Þ þ K ln nð Þð

where x is the set of observed expression values, θ is the
set of parameters for f and g, K is the number of esti-
mated parameters (lengths of all segments, and distribu-
tion parameters), and n is the number of data points in
the expression dataset (genes by tissues).

Model estimation
Finding a best-fitting genome segmentation model for a
given expression dataset is challenging, because it re-
quires in principle searching the Cartesian product of
the space of all possible genome partitions into segments
with the space of parameters for the distributions f and
g. We structure this as a search of the parameter space
(carried out using the Simplex algorithm as imple-
mented in the GNU Scientific Library [57]), in which the
score associated to each set of parameter values is com-
puted by optimizing over segmentations. Each chromo-
some arm is analyzed separately. For particular values of
f and g parameters, we search the segmentation space as
follows. First, we partition the chromosome arm into
segments of random lengths (i.e. number of genes),
drawn from a geometric distribution having (by default)
a mean of 2 genes (in practice, the choice of mean has a
negligible impact on the segmentation patterns that the
model converges to). We then consider three possible
types of “move”: split, which divides a multigenic seg-
ment into two segments; merge, which combines two
adjacent segments into a single segment; and shift,
which changes the boundary between two existing seg-
ments by expanding one and shrinking the other, such
that at least one gene remains in each segment. Given a
segmentation pattern, we evaluate each possible move
and select the one that gives the greatest score improve-
ment. The process is iterated until a segmentation is
reached for which no moves improve the score. Because
this search is strictly downhill, we consider multiple ran-
dom initial segmentations ("replicates"), generally 1024,
and carry out the above search for each of them. This
yields a set of 1024 “locally optimal” segmentations; the
median of their scores is then taken as the score value
assigned to the specified parameter values for purposes
of the parameter space search. Our analysis software also
supports using the best replicate score or mean replicate
score, but exploratory analyses indicated the median gave
the most robust results. The best-scoring segmentation
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that is found with the best-scoring analysis parameters is
used for subsequent analysis.
For convenience and computational speed, we made

several simplifying assumptions regarding f and g. First,
we assume that a single f and a single g (per chromo-
some arm) apply to all tissues, i.e. we do not allow tissue
dependent parameter values. Second, we assume that f
may be estimated as the mixture of normals that best fits
the observed distribution of gene expression values over
all tissues (Additional file 2: Figure S3). This f is found
using an EM algorithm implemented in the PyMix pack-
age [64], and is fixed during subsequent analysis. Thus
only the parameter σ that defines the distribution of
gene deviations g is estimated iteratively.

Simulations
We tested our analysis method by simulating 40 datasets
each with 2000 genes and 27 tissues (comparable to the
FlyAtlas [48] data for a single chromosome arm), using
similar distribution parameters to those trained from the
real data, and analyzing each simulated dataset. Because
each chromosome arm is analyzed independently in our
real-data analyses, our simulated datasets each consist of
a single simulated chromosome arm. To simulate a data-
set with a given number of genes and tissues, we first
simulate a segmentation by drawing segment lengths (i.e.
number of genes) randomly from a geometric distribution
with a specified mean until all genes have been assigned.
We then simulate expression data for each tissue that con-
forms to the assumptions of our probability model for a
specific choice of f and g, as follows. For each segment
and tissue, a segment effect is drawn randomly from f, and
for each gene in that segment, a gene-specific deviation is
drawn from g. These are added to get the gene expression
value. For simulations where g varies across segments and
tissues, an independent σ is drawn for each draw from f.
Our analysis of simulated datasets used 512 replicates
(starting random segmentations) per round of parameter
training. In all datasets, the parameter training converged
to within 2% of the correct value, and the ‘true’ segmenta-
tion pattern used in the simulation was recovered exactly
regardless of random starting segmentation. We also sim-
ulated data for alternative parameter sets, and found that
it is robust to most parameter choices (Additional file 3:
Table S1).

Robustness of real data estimates
The spread of replicate scores for the optimal parameter
values for each chromosome arm is much wider for the
real data than for the simulated data (Additional file 2:
Figure S4), and the best scoring segmentation is only
found in one replicate for each chromosome arm. This
suggests that the score surface for the real data is more
complex than that for the simulated data (where the best
scoring segmentation was found repeatedly). However, we
find that the best-scoring replicates share 94.3% of their
intersegment regions with the second-best replicates, and
91.7% of their intersegment regions with the worst-
scoring replicates. Moreover, 84% of segments found in at
least one replicate appear in more than half of the repli-
cates. Thus, despite some variability in exact segmentation
and score, the replicates are highly similar, implying that
our method is reasonably robust to the choice of starting
segmentation and that for most of the genome our model
finds the same local segmentation regardless of the
starting pattern.

Other analysis procedures
For the promoter-orientation analysis, we counted the
number of adjacent gene pairs in the dataset with the
same orientation, “head-to-head” opposite orientation,
or “tail-to-tail” opposite orientation for three classes: pairs
within two-gene segments, pairs within larger multigenic
segments, and intersegment pairs. P-values for comparing
two classes were calculated using a 2×3 Chi-squared test.
Nègre et al.’s [50] insulator peaks were converted from

dm3 to dm5 using FlyBase’s coordinate conversion tool
[53]. We removed 571 (of a total of 35365) insulator
peaks (1.6%) that could not be converted to dm5 coordi-
nates due to assembly incompatibilities. We counted the
number of ChIP peaks that overlap regions of a given
type using BEDTools [65] and Pybedtools [66], and con-
verted these to peaks per kilobase by dividing by the
total size of the regions. Enrichment was calculated as
the ratio of the peaks per kilobase values for two speci-
fied region types. Significance for comparing two sets of
regions was determined by Fisher’s exact test, for a 2×2
table in which the first cell in each row gives the number
of peaks overlapping regions of the given type, and the
second cell gives the number of “non-peaks” of the same
size as peaks, defined as the number of bases in the
regions minus the number of peaks, divided by the aver-
age peak size. For analyses of intersegment regions for a
particular type of segment (e.g. multigenic segments), we
consider regions that border a segment of that type as
belonging to the analyzed set. Some analyses exclude the
subset of peaks that overlaps the 2 kb windows identified
by Sexton et al. [46] as marking interaction domain
boundaries.
Sexton et al.’s [46] physical interaction domain coordi-

nates were converted from dm3 to dm5 using FlyBase’s
coordinate conversion tool [53]. We removed 12 do-
mains that could not be converted to dm5 coordinates
due to assembly incompatibilities. Genes were assigned
to interaction domains based on the position of their an-
notated start site. We tested for significant sharing of
endpoints between coexpression segments and inter-
action domains by performing a Fisher’s exact test on
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the 2×2 table with cell counts giving the number of inter-
genic regions (i.e. regions between the starts of adjacent
genes) that are: (i) segment endpoint and interaction do-
main endpoint, (ii) segment endpoint only, (iii) interaction
domain endpoint only, or (iv) neither segment nor inter-
action domain endpoint.
Our gene Ontology analysis used generic GO Slim

[67]. GO term enrichments were calculated using goa-
tools [68]. Segments in which only one gene was anno-
tated with the enriched term were removed from the list
of significant results for that term. We compared the
number of segments with one or more enriched terms
to the number of segments with one or more enriched
terms in 10 shuffled segmentation patterns using Fisher’s
exact test. Shuffled segmentations were generated by
preserving chromosome gene order while randomly per-
muting the list of segment lengths and requiring that no
segment endpoints were shared between the random
segmentation and the real segmentation.

Additional files

Additional file 1: Detailed information for multigene segments.

Additional file 2: Supplemental figures.

Additional file 3: Supplemental tables.

Competing interests
The authors declare that they have no competing interests.

Authors’ contributions
AFR and PG designed the study. AFR compiled the data and performed the
analysis. AFR and PG wrote the manuscript. Both authors read and approved
the final manuscript.

Acknowledgements
We thank Doug Fowler, Steve Henikoff, Larry Loeb, Jay Shendure, John
Stamatoyannopoulos, and Jim Thomas for helpful discussion. This research
was partially supported by NHGRI grant T32 HG00035 and the Howard
Hughes Medical Institute.

Received: 27 June 2013 Accepted: 18 November 2013
Published: 20 November 2013

References
1. Hurst LD, Pál C, Lercher MJ: The evolutionary dynamics of eukaryotic

gene order. Nat Rev Genet 2004, 5:299–310.
2. Michalak P: Coexpression, coregulation, and cofunctionality of

neighboring genes in eukaryotic genomes. Genomics 2008, 91:243–248.
3. Cho RJ, Campbell MJ, Winzeler EA, Steinmetz L, Conway A, Wodicka L,

Wolfsberg TG, Gabrielian AE, Landsman D, Lockhart DJ, Davis RW: A
genome-wide transcriptional analysis of the mitotic cell cycle. Mol Cell
1998, 2:65–73.

4. Cohen BA, Mitra RD, Hughes JD, Church GM: A computational analysis of
whole-genome expression data reveals chromosomal domains of gene
expression. Nat Genet 2000, 26:183–186.

5. Kruglyak S, Tang H: Regulation of adjacent yeast genes. Trends Genet 2000,
16:109–111.

6. Pál C, Hurst LD: Evidence for co-evolution of gene order and recombination
rate. Nat Genet 2003, 33:392–395.

7. Hurst LD, Williams EJB, Pál C: Natural selection promotes the conservation
of linkage of co-expressed genes. Trends Genet 2002, 18:604–606.

8. Poyatos JF, Hurst LD: The determinants of gene order conservation in
yeasts. Genome Biol 2007, 8:R233.
9. Birnbaum K, Shasha DE, Wang JY, Jung JW, Lambert GM, Galbraith DW, Benfey PN:
A gene expression map of the Arabidopsis root. Science 2003, 302:1956–1960.

10. Williams EJB, Bowles DJ: Coexpression of neighboring genes in the
genome of Arabidopsis thaliana. Genome Res 2004, 14:1060–1067.

11. Schmid M, Davison T, Henz S, Pape U, Demar M, Vingron M, Schökopf B,
Weigel D, Lohmann J: A gene expression map of Arabidopsis thaliana
development. Nat Genet 2005, 37:501–506.

12. Lercher MJ, Blumenthal T, Hurst LD: Coexpression of neighboring genes in
Caenorhabditis elegans is mostly due to operons and duplicate genes.
Genome Res 2003, 13:238–243.

13. Roy PJ, Stuart JM, Lund J, Kim SK: Chromosomal clustering of muscle-
expressed genes in Caenorhabditis elegans. Nature 2002, 418:975–979.

14. Blumenthal T, Gleason KS: Caenorhabditis elegans operons: form and
function. Nat Rev Genet 2003, 4:112–120.

15. Boutanaev AM, Kalmykova AI, Shevelyov YY, Nurminsky DI: Large clusters of
co-expressed genes in the Drosophila genome. Nature 2002, 420:666–669.

16. Spellman PT, Rubin GM: Evidence for large domains of similarly expressed
genes in the Drosophila genome. J Biol 2002, 1:5.

17. Weber CC, Hurst LD: Support for multiple classes of local expression
clusters in Drosophila melanogaster, but no evidence for gene order
conservation. Genome Biol 2011, 12:R23.

18. Meadows LA, Chan YS, Roote J, Russell S: Neighbourhood continuity is not
required for correct testis gene expression in Drosophila. PLoS Biol 2010,
8:e1000552.

19. Stolc V, Gauhar Z, Mason C, Halasz G, Batenburg M, Rifkin S, Hua S,
Herreman T, Tongprasit W, Barbano P, Bussemaker H, White K: A gene
expression map for the euchromatic genome of Drosophila
melanogaster. Science 2004, 306:655–660.

20. Mezey JG, Nuzhdin SV, Ye F, Jones CD: Coordinated evolution of co-expressed
gene clusters in the Drosophila transcriptome. BMC Evol Biol 2008, 8:2.

21. Caron H, van Schaik B, van der Mee M, Baas F, Riggins G, van Sluis P,
Hermus MC, van Asperen R, Boon K, Voûte PA, van Kampen A, Versteeg R,
Heisterkamp S: The human transcriptome map: clustering of highly
expressed genes in chromosomal domains. Science 2001, 291:1289–1292.

22. Lercher MJ, Urrutia AO, Hurst LD: Clustering of housekeeping genes
provides a unified model of gene order in the human genome. Nat
Genet 2002, 31:180–183.

23. Versteeg R, van Schaik BD, van Batenburg MF, Marinus F, Roos M, Monajemi
R, Caron H, Bussemaker HJ, van Kampen AH: The human transcriptome
map reveals extremes in gene density, intron length, GC content, and
repeat pattern for domains of highly and weakly expressed genes.
Genome Res 2003, 13:1998–2004.

24. Li Q, Lee BTK, Zhang L: Genome-scale analysis of positional clustering of
mouse testis-specific genes. BMC Genomics 2005, 6:7.

25. Hentges KE, Pollock DD, Liu B, Justice MJ: Regional variation in the density
of essential genes in mice. PLoS Genet 2007, 3:e72.

26. Sémon M, Duret L: Evolutionary origin and maintenance of coexpressed
gene clusters in mammals. Mol Biol Evol 2006, 23:1715–1723.

27. Singer GAC, Lloyd AT, Huminiecki LB, Wolfe KH: Clusters of co-expressed
genes in mammalian genomes are conserved by natural selection.
Mol Biol Evol 2005, 22:767–775.

28. Liao BY, Zhang J: Coexpression of linked genes in Mammalian genomes
is generally disadvantageous. Mol Biol Evol 2008, 25:1555–1565.

29. Al-Shahrour F, Minguez P, Marquás-Bonet T, Gazave E, Navarro A, Dopazo J:
Selection upon genome architecture: conservation of functional
neighborhoods with changing genes. PLoS Comput Biol 2010, 6:e1000953.

30. Lee J, Sonnhammer E: Genomic gene clustering analysis of pathways in
eukaryotes. Genome Res 2003, 13:875–882.

31. Karpen GH: Position-effect variegation and the new biology of
heterochromatin. Curr Opin Genet Dev 1994, 4:281–291.

32. Li Q, Peterson KR, Fang X, Stamatoyannopoulos G: Locus control regions.
Blood 2002, 100:3077–3086.

33. Bonifer C: Developmental regulation of eukaryotic gene loci: which
cis-regulatory information is required? Trends Genet 2000, 16:310–315.

34. Levine M: Transcriptional enhancers in animal development and
evolution. Curr Biol 2010, 20:R754–R763.

35. Fukuoka Y, Inaoka H, Kohane IS: Inter-species differences of co-expression
of neighboring genes in eukaryotic genomes. BMC Genomics 2004, 5:4.

36. Zhan S, Horrocks J, Lukens L: Islands of co-expressed neighbouring genes
in Arabidopsis thaliana suggest higher-order chromosome domains.
Plant J 2006, 45:347–357.

http://www.biomedcentral.com/content/supplementary/1471-2164-14-812-S1.zip
http://www.biomedcentral.com/content/supplementary/1471-2164-14-812-S2.docx
http://www.biomedcentral.com/content/supplementary/1471-2164-14-812-S3.xlsx


Rubin and Green BMC Genomics 2013, 14:812 Page 8 of 8
http://www.biomedcentral.com/1471-2164/14/812
37. Chen N, Stein LD: Conservation and functional significance of gene
topology in the genome of Caenorhabditis elegans. Genome Res 2006,
16:606–617.

38. Moltó E, Fernández A, Montoliu L: Boundaries in vertebrate genomes:
different solutions to adequately insulate gene expression domains.
Brief Funct Genomic Proteomic 2009, 8:283–296.

39. Filippova GN: Genetics and epigenetics of the multifunctional protein
CTCF. Curr Top Dev Biol 2008, 80:337–360.

40. Akhtar A, Gasser SM: The nuclear envelope and transcriptional control.
Nat Rev Genet 2007, 8:507–517.

41. Reddy KL, Zullo JM, Bertolino E, Singh H: Transcriptional repression
mediated by repositioning of genes to the nuclear lamina. Nature 2008,
452:243–247.

42. Dekker J, Rippe K, Dekker M, Kleckner N: Capturing chromosome
conformation. Science 2002, 295:1306–1311.

43. Duan Z, Andronescu M, Schutz K, McIlwain S, Kim YJ, Lee C, Shendure J,
Fields S, Blau CA, Noble WS: A three-dimensional model of the yeast
genome. Nature 2010, 465:363–367.

44. Lanctôt C, Cheutin T, Cremer M, Cavalli G, Cremer T: Dynamic genome
architecture in the nuclear space: regulation of gene expression in three
dimensions. Nat Rev Genet 2007, 8:104–115.

45. Nora EP, Lajoie BR, Schulz EG, Giorgetti L, Okamoto I, Servant N, Piolot T,
van Berkum NL, Meisig J, Sedat J, Gribnau J, Barillot E, Blüthgen N, Dekker J,
Heard E: Spatial partitioning of the regulatory landscape of the
X-inactivation centre. Nat 2012, 485:381–385.

46. Sexton T, Yaffe E, Kenigsberg E, Bantignies F, Leblanc B, Hoichman M,
Parrinello H, Tanay A, Cavalli G: Three-dimensional folding and functional
organization principles of the Drosophila genome. Cell 2012,
148:458–472.

47. Su AI, Wiltshire T, Batalov S, Lapp H, Ching KA, Block D, Zhang J, Soden R,
Hayakawa M, Kreiman G, Cooke MP, Walker JR, Hogenesch JB: A gene atlas
of the mouse and human protein-encoding transcriptomes. Proc Natl
Acad Sci USA 2004, 101:6062–6067.

48. Chintapalli VR, Wang J, Dow JAT: Using FlyAtlas to identify better
Drosophila melanogaster models of human disease. Nat Genet 2007,
39:715–720.

49. Trinklein ND, Aldred SF, Hartman SJ, Schroeder DI, Otillar RP, Myers RM: An
abundance of bidirectional promoters in the human genome. Genome Res
2004, 14:62–66.

50. Nègre N, Brown CD, Shah PK, Kheradpour P, Morrison CA, Henikoff JG, Feng
X, Ahmad K, Russell S, White RAH, Stein L, Henikoff S, Kellis M, White KP: A
comprehensive map of insulator elements for the Drosophila genome.
PLoS Genet 2010, 6:e1000814.

51. Filion GJ, van Bemmel JG, Braunschweig U, Talhout W, Kind J, Ward LD,
Brugman W, De C, Inês J, Kerkhoven RM, Bussemaker HJ, van Steensel B:
Systematic protein location mapping reveals five principal chromatin
types in Drosophila cells. Cel 2010, 143:212–224.

52. Flicek P, Amode MR, Barrell D, Beal K, Brent S, Carvalho-Silva D, Clapham P,
Coates G, Fairley S, Fitzgerald S, Gil L, Gordon L, Hendrix M, Hourlier T,
Johnson N, Kähäri AK, Keefe D, Keenan S, Kinsella R, Komorowska M,
Koscielny G, Kulesha E, Larsson P, Longden I, McLaren W, Muffato M,
Overduin B, Pignatelli M, Pritchard B, Riat HS, et al: Ensembl 2012.
Nucleic Acids Res 2012, 40:D84–D90.

53. Marygold SJ, Leyland PC, Seal RL, Goodman JL, Thurmond J, Strelets VB,
Wilson RJ, FlyBase Consortium: FlyBase: improvements to the
bibliography. Nucleic Acids Res 2013, 41:D751–D757.

54. RepeatMasker Open-3.3.0. http://www.repeatmasker.org.
55. Irizarry RA, Hobbs B, Collin F, Beazer-Barclay YD, Antonellis KJ, Scherf U,

Speed TP: Exploration, normalization, and summaries of high density
oligonucleotide array probe level data. Biostatistics 2003, 4:249–264.

56. Gentleman RC, Carey VJ, Bates DM, Bolstad B, Dettling M, Dudoit S, Ellis B,
Gautier L, Ge Y, Gentry J, Hornik K, Hothorn T, Huber W, Iacus S, Irizarry R,
Leisch F, Li C, Maechler M, Rossini AJ, Sawitzki G, Smith C, Smyth G, Tierney
L, Yang JYH, Zhang J: Bioconductor: open software development for
computational biology and bioinformatics. Genome Biol 2004, 5:R80.

57. Galassi M, Davies J, Theiler J, Gough B, Jungman G, Alken P, Booth M, Rossi
F: GNU Scientific Library Reference Manual. 3rd edition. United Kingdom:
Network Theory Limited; 2009.

58. R Core Team: R: a language and environment for statistical computing.
Vienna: R Foundation for Statistical Computing; 2013.

59. Argtable2. http://argtable.sourceforge.net/doc/argtable2.html.
60. LibDS 2.1. http://libds.sourceforge.net/doc/index.html.
61. bzip2 and libbzip2, version 1.0.6. http://www.bzip.org.
62. Jansson 2.4. http://www.digip.org/jansson/.
63. Schwarz G: Estimating the dimension of a model. Ann Stat 1978, 6:461–464.
64. Georgi B, Costa IG, Schliep A: PyMix–the python mixture package–a tool

for clustering of heterogeneous biological data. BMC Bioinf 2010, 11:9.
65. Quinlan AR, Hall IM: BEDTools: a flexible suite of utilities for comparing

genomic features. Bioinformatics 2010, 26:841–842.
66. Dale RK, Pedersen BS, Quinlan AR: Pybedtools: a flexible Python library for

manipulating genomic datasets and annotations. Bioinformatics 2011,
27:3423–3424.

67. GO Slim. http://www.geneontology.org/GO.slims.shtml.
68. Goatools. https://github.com/tanghaibao/goatools.

doi:10.1186/1471-2164-14-812
Cite this article as: Rubin and Green: Expression-based segmentation of
the Drosophila genome. BMC Genomics 2013 14:812.
Submit your next manuscript to BioMed Central
and take full advantage of: 

• Convenient online submission

• Thorough peer review

• No space constraints or color figure charges

• Immediate publication on acceptance

• Inclusion in PubMed, CAS, Scopus and Google Scholar

• Research which is freely available for redistribution

Submit your manuscript at 
www.biomedcentral.com/submit

http://www.repeatmasker.org
http://argtable.sourceforge.net/doc/argtable2.html
http://libds.sourceforge.net/doc/index.html
http://www.bzip.org
http://www.digip.org/jansson/
http://www.geneontology.org/GO.slims.shtml
https://github.com/tanghaibao/goatools

	Abstract
	Background
	Results
	Conclusions

	Background
	Results and discussion
	Expression model
	Properties of Drosophila expression segments

	Conclusions
	Methods
	Data sources
	Model implementation
	Model details
	Model estimation
	Simulations
	Robustness of real data estimates
	Other analysis procedures

	Additional files
	Competing interests
	Authors’ contributions
	Acknowledgements
	References

