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For my dissertation I focused on two distinct projects. In the first project, I analyzed early
cancer exome datasets to identify patterns of mutation that offer insight into somatic
mutational processes in humans. This project began as a critique of the statistical
methodology used to identify cancer-causing (“driver”) genes in these datasets in one high-
profile study. We then analyzed the available data more broadly, and showed that most
mutations are not under selection and are therefore a product of the underlying mutational
processes in the cancer tissue. Examining these processes in detail, we showed that
increased CpG mutation frequency is not a byproduct of aberrant CpG island methylation
and that an A—~G/T—C associated with gene expression in the germline may be associated
with transcription in some cancers. In the second project, I describe a novel approach for
identifying clusters of coexpressed genes in eukaryotic genomes and our results applying
this model to data from Drosophila melanogaster. We found that two-thirds of genes in the
Drosophila genome are coexpressed with a neighbor. The boundaries of these coexpression
clusters are enriched for insulator binding sites, and are correlated with physical interaction
domains, suggesting that nuclear structure may play a role in coexpression. We hypothesize
that coexpression segments may represent a type of substructure within these interaction

domains.
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Chapter 1: Introduction

To understand the eukaryotic genome, we must try to understand the genomic sequence
[1-3] and its functional properties [4-6]. Central to understanding the sequence is the
knowledge of how it changes over time. Comparative genomics and evolutionary analyses
are restricted to germline sequence changes, but somatic mutations are also a source of
DNA sequence diversity within an organism. Patterns of somatic mutation carry a variety of
information, such as cell lineage [7], but they attract the most research interest in the

context of cancer [8].

Much of the research focuses on identifying new “driver” genes that may be responsible for
the development and malignancy of cancer [9, 10]. Complicating these searches for “driver”
mutations, many cancers exhibit a "mutator phenotype” that results in a proliferation of
somatic mutations [11, 12]. This elevated mutation rate allows the cell to acquire the
genetic changes it requires to become malignant, but most of the mutations are likely to be
neutral. Different cancer types are known to have specific mutational signatures, such as
increased mutation at TpC dinucleotides in breast cancer [13], and understanding these
patterns may help identify clinically relevant similarities and differences between tumor

types, as well as illuminate the mutational mechanisms.

A gene’s sequence is most biologically relevant when it is transcribed into mRNA and
translated into a functional protein. Transcription is a complex process, with many
contributing factors [14]. In addition to cis-regulatory elements, modeled linearly by single-
gene-centric models such as "Omes Law” [15], neighboring genes may affect gene
expression. Clusters of coexpressed genes have been described in a variety of eukaryotes
[16-20], and it is well known that eukaryotic gene order is nonrandom [21]. Epigenetic
mechanisms such as chromatin loop domains mediated by insulators [22] or nuclear pore

localization [23] present plausible models for coordination of coexpressed genes.

In addition to genetic changes, cells may acquire epigenetic changes that contribute to
cancer progression [24]. For example, a tumor suppressor can be deactivated effectively by
either a destabilizing mutation in the coding sequence or by epigenetic silencing that blocks
gene expression. This idea shifted my interests away from somatic mutation and towards
gene regulation. With the widespread availability of epigenetic data, such as from the
ENCODE [4, 5] and modENCODE [6] projects, on the horizon, I sought to develop a method



for identifying coexpression clusters using only expression data, and then mining the rapidly

accumulating epigenetic datasets for plausible mechanisms.
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Chapter 2: Comment on "The Consensus Coding
Sequences of Human Breast and Colorectal

Cancers”

Sjéblom et al. [9] found 189 genes with an apparent excess of mutations in breast and
colorectal tumors, and concluded that the array of mutations selected in cancer growth is
much larger than previously suspected. We reanalyzed their data to correct a statistical
error and a questionable background mutation rate assumption, and reach a strikingly
different conclusion: mutations in only a handful of genes, not hundreds, play a significant
role in the development of these cancers. We also note several interesting patterns that

may illuminate mutational mechanisms.

The statistical error arose in correcting for the large number of statistical tests (one per
gene). For this purpose, Sjoblom et al. use a standard approach, false discovery rates
(FDRs) [25], but their calculations incorrectly substitute probabilities of the specific
observed mutation patterns for each gene in place of P-values (which are required by FDR
theory [25]). This results in substantially underestimating the FDRs and overstating the
significance of many genes. Correcting this error, while retaining Sjoéblom et al.'s assumed
background mutation rate of 1.2 / megabase, sharply reduces the number of significant

genes (Fig 1).

However the assumed background rate is also doubtful. It is based on two much smaller
studies, one of which [26] analyzed only 3.2 Mb of sequence data in colorectal cancer
samples and obtained a very broad rate confidence interval of 0.22-2.5/Mb; and another
[13] of 518 kinase genes in 25 breast cancer samples, which (after eliminating two outlier
samples) yielded a rate of 1.0/Mb. Since 367 of the kinase genes were also sequenced in
Sjéblom et al.'s discovery screen, we could test consistency between studies by computing
the discovery screen rates in these genes. We find a rate of 2.4/Mb, significantly higher (P <
0.001) than in [13]. This discrepancy may reflect protocol or tumor sample differences
between studies, but in any case indicates that background rates should be determined

separately for each study.

Consequently we feel a more appropriate choice of background rate in the present study is
that from the discovery screen. (Better, were it available, would be a 'neutral’ rate for each

sample, based for example on synonymous mutations). Using this, we find that only a
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handful of genes (TP53 in breast cancer, and APC, KRAS, TP53, SMAD4, and FBXW?7 in
colorectal cancer), all of them previously known to be mutated at high frequency in these
cancers, are significant at a false discovery rate of 10% (Fig. 1). Moreover, this conclusion
is relatively robust to the specific rate assumption. Using a smaller value of 2.0/Mb (which is

well within the confidence interval from [26]) yields only 3 additional genes (Fig. 1).

After eliminating the above significant genes, the mutation rate in the remaining validation
screen genes of [9] is still significantly higher than the discovery screen rate (5.2/Mb vs.
3.5/Mb for breast cancers, 4.5/Mb vs. 2.8/Mb for colorectal cancers). The higher rate in
these genes could reflect weak positive selection for cancer growth mutations, distributed
over many genes; however a more likely possibility is that there is gene-to-gene
heterogeneity in the strength of purifying selection and/or in the underlying (neutral)
mutation rate, such that genes with intrinsically higher 'background' rates are more likely to
have been identified. The existence of both kinds of heterogeneity is well established for

germline mutations [2, 27].

In examining specific patterns of mutations, we noted several interesting trends (Fig 2).
CpG mutation rates are higher for CpGs outside of CpG islands, presumably reflecting the
fact that CpG islands are generally not methylated [28]. Somewhat surprisingly, the
significantly higher CpG rate for colorectal cancers relative to breast cancers, noted in [9],
primarily reflects non-CpG island mutations, rather than (as one might have expected)
differential methylation of CpG islands. We also noted (Fig. 2b) an asymmetry to the
mutation patterns in breast but not colorectal cancers; such an asymmetry has been found

in germline mutations in many genes and appears to be associated with transcription [29].

In summary, the data of Sjéblom et al. do not implicate any additional cancer genes beyond
the handful known from previous studies. We cannot rule out the possibility that there are
additional genes with subtle effects, but if they exist, establishing their importance will
require a substantially larger set of samples, and/or alternative experimental approaches.
Sjéblom et al.'s study is a prelude to the Cancer Genome Atlas project
(http://cancergenome.nih.gov/), which seeks to identify causal mutations for a large
number of cancers. Our analyses highlight the crucial importance of determining valid

background rates for this study.
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Fig. 1. Number of genes significant at a false discovery rate of 10%, as originally found by
Sjéblom et al. [9], and upon reanalysis. We estimated relative rates for different
substitution types essentially as described [9], but with the following differences: we used
only discovery screen data; we estimated distinct rates for C's and for G's within CpG and
TpC / GpA dinucleotides; and we estimated distinct rates for CpGs inside and outside of CpG
islands. We then used these rates to estimate for each gene, based on its sequence
composition, the expected total number, A, of mutations in the discovery and validation

screens combined. The P-value for a gene having a n observed mutations (in both screens
. . : S A\ : .

combined) is then given by Eqiri where ¢, = —le’is the Poisson probability, and

i=n L
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24\
T, z(l—(—) ) is the probability that at least one of the / mutations occurs during the

discovery screen. We assumed that sequencing failures were distributed proportionately
across all genes. Significant genes using the discovery screen rates (green bars) are TP53
(breast cancer) and APC, KRAS, TP53, SMAD4, and FBXW7 (colorectal cancer).
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Fig. 2. Different CpG rates inside and outside CpG islands (a); and differing mutational

asymmetry between cancer types (b). Rates are for the discovery screen, and are computed
by dividing the observed number of nonsynonymous changes of a given type by the number
of potential nonsynonymous mutations of that type (in millions). CpG island annotations are

from the University of California Santa Cruz genome website [30].
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Chapter 3: Mutation Patterns in Cancer Genomes

Abstract

Recent large-scale cancer sequencing studies have focused primarily on identifying cancer-
associated genes, but as an important byproduct provide “passenger mutation” data that
can potentially illuminate the mutational mechanisms at work in cancer cells. Here we
explore patterns of nucleotide substitution in several cancer types using published data. We
first show that selection (negative or positive) has affected only a small fraction of
mutations, allowing us to attribute observed trends to underlying mutational processes
rather than selection. We then show that the increased CpG mutation frequency observed in
some cancers primarily occurs outside of CpG islands and CpG island shores, thus rejecting
the hypothesis that the increase is a byproduct of island or shore methylation followed by
deamination. We observe an A—G vs. T—C mutational asymmetry in some cancers similar
to one that has been observed in germline mutations in transcribed regions, suggesting that
the mutation process may be influenced by gene expression. We also demonstrate that the
relative frequency of mutations at dinucleotide “hotspots” can be used as a tool to detect

likely technical artifacts in large-scale studies.

Introduction

Large-scale sequencing of cancer genomes is beginning to have a major impact on cancer
research [9, 10, 31-33]. The primary target of such studies is ‘driver’ mutations, i.e. those
that play a role in cancer initiation or progression or provide a cell growth or survival
advantage. However, the majority of mutations actually identified are presumed to be
‘passenger’ mutations that are not advantageous to the cancer cell [10]. From one point of
view, passenger mutations are an annoying ‘haystack’ complicating the search for causal
mutations. However, they are also a potentially rich source of information about the specific
mutational mechanisms at work in somatic cells and cancer, an aspect we pursue in this

paper.

Analyses of neutrally evolving genomic sequences in a variety of organisms have revealed
several patterns that are presumed to reflect the nature of the mutational processes in
germline cells. Transition mutations occur at a significantly higher rate than transversion
mutations [34-36]. Substitution rates depend on flanking nucleotides, a notable example
being cytosine in CpG dinucleotides which, in mammals, is usually methylated at the 5-

carbon and undergoes hydrolytic deamination to thymine at a relatively high rate [28, 36,
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37]. The germline mutation rate at CpGs is much lower within CpG islands (regions enriched
in CpGs surrounding or near the transcription start sites of many genes) reflecting, at least
in part, the fact that most islands are likely unmethylated in the germline [28]. Substitution
rates are asymmetric in transcribed regions of the genome, with A—G transitions occurring
at a higher rate than T—C transitions on the coding strand [29]. The magnitude of the effect
correlates with gene expression level [38, 39]. While mechanisms for transcriptional
mutagenesis have been described in model systems [40, 41], the mechanism responsible

for this asymmetry is currently unknown.

Cancer sequencing studies have provided preliminary evidence for several mutational rate
trends, some, but not all, of which are similar to those seen in germline mutations.
Transitions are more frequent than transversions, and CpG dinucleotides are a mutation
hotspot, particularly in colorectal cancer [9, 10, 31-33]. In contrast, TpC dinucleotides are a
mutation hotspot in breast cancers [13], but not in the germline [42]. Analysis of mutations
in TP53 suggests that diverse tumor types are affected by different mutation processes
[43]. Note that such trends could reflect mutations arising prior to carcinogenesis that are
carried along by subsequent clonal expansion, in addition to mutations that occur within the

cancer cells themselves.

Here we use published data from several studies to further explore patterns of nucleotide
substitution in cancer cells. We first examine the overall impact of selection on the mutation
spectra by comparing synonymous and nonsynonymous substitution frequencies (mutations
per sites sequenced) in pancreatic cancer and glioblastoma multiforme [32, 33], and by
examining the nature of amino acid changes in breast and colorectal cancers [9]. Our
results suggest that most coding sequence mutations in cancer are neutral with respect to
cancer growth. This finding justifies our assumption that mutation patterns in the data are

more likely to reflect the mutation process than selection.

Since methylation of CpG islands and of regions within 2 kb of islands, called CpG island
shores, are known features of some cancers [44-47], it has been hypothesized that the
elevated CpG mutation frequency is due to increased DNA methylation of islands and
shores, followed by deamination of the methylated CpGs [48]. We reject this hypothesis by
showing that the elevated frequency primarily reflects increased mutation of CpGs outside
of islands and shores. We also find an A—G vs. T—C mutational asymmetry similar to that
previously observed in the germline [29], which suggests that the mutation pattern within a
gene is influenced by its expression. Finally, we show that the fraction of mutations

occurring at dinucleotide hotspots can be a useful metric for identifying technical artifacts in
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cancer sequencing studies, by detecting an inconsistency between the discovery and

validation screens in one study that is likely due to error-prone sample amplification.

Results and Discussion
Strength of Selection on Coding Sequence Mutations

The majority of mutations observed in cancer sequencing studies are believed to be
‘passenger’ mutations having little impact on the cancer cell [10]. However, it remains
possible that many mutations occurring during cancer growth are deleterious to the cell and
consequently eliminated by selection. If so, the set of passenger mutations would not
faithfully reflect the underlying mutation process. Since selection on germline mutations in
coding sequences acts mainly at the amino acid level [49], we assume that this is also true
of somatic mutations and that we can therefore explore the effects of selection by
comparing frequencies of honsynonymous and synonymous substitutions. Using data from
two studies where both types of substitution were catalogued [32, 33], we find the overall
nonsynonymous/synonymous frequency ratios for pancreatic cancer to be 0.95, and for
glioblastoma multiforme to be 1.10, neither of which is significantly different from 1
(P=0.57 and 0.43, respectively). This indicates that (in contrast to germline mutations) the
set of nonsynonymous mutations in cancer is not strongly biased by selection. We also
calculated separate ratios for dinucleotide contexts that are known to have elevated
mutation frequencies in cancer [9, 13], and again found that the
nonsynonymous/synonymous substitution frequency ratios are not significantly different
from 1 (Fig. S1).

It has been claimed that hundreds of genes are subject to significant positive selection in
cancer [9] although this has been disputed [50-52]. Analyzing data in [9] we find that the
amino acid substitutions in known cancer genes are significantly different from substitutions
in other putative (according to [9]) cancer-associated genes (P=1.61e-4), which in turn are
not significantly different from genes that were not cancer-associated in [9] (P=0.133) (Fig.
S2). This suggests that the mutations in the putative cancer-associated genes in [9] are
primarily passenger mutations, and the set of mutations is therefore unlikely to be strongly
biased by positive selection. This is not to say that there is no such selection and indeed a
more sensitive test can detect evidence for positive selection in cancer [10]. However, our
results suggest the proportion of selected mutations is small. In combination, these results
suggest that, while selection certainly acts on some mutations, the set of mutations in

cancer cells is not significantly biased by negative or positive selection, and we therefore
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assume in the following that the sets of honsynonymous nucleotide substitutions reported
by cancer sequencing studies mainly reflect the underlying mutation process that generated

them.

CpG Mutations

CpG dinucleotides are known to be mutation hotspots in some cancer types [9, 31-33]. 32%
of the CpGs found in the coding sequence of genes we analyzed (302,780 of 940,319) are in
CpG islands, and another 11% (106,691 of 940,319) are found within 2kb of CpG islands, in
regions called CpG island shores [47, 53]. Since methylation of CpG islands and/or shores is
known to occur in some genes in cancer [44-47], and the higher germline mutation rate at
CpGs appears confined to methylated CpGs [54], it has been hypothesized that the elevated
CpG mutation rate in some cancers could result primarily from mutations in methylated CpG
islands or shores [48]. To test this, we classified the CpG sites in the studied genes as
island, shore, or other, and calculated mutation frequencies for each class using published
data [31-33]. In three of the four cancer types analyzed (colorectal, pancreatic, and
glioblastoma), CpG frequencies are significantly different among classes (Fig. 1), but in all
cases the island frequency is lowest and the ‘other’ frequency is highest. Moreover, the
dramatic increase in overall CpG frequency in colorectal cancer relative to the other cancer
types is mostly confined to the non-island, non-shore CpGs. The elevated overall mutation
frequency at CpG dinucleotides in the cancers is therefore not due primarily to deamination
of cytosines in methylated CpG islands or shores. A similar analysis using 500 bp shores
(which have a higher density of CpGs and a stronger tendency to cancer-specific

hypermethylation than the rest of the 2kb shore [47]) gives similar results (Fig. S3).

We also recalculated CpG mutation frequencies for protein kinase genes in various cancers
sequenced in another study (Fig. S4A) [10]. Although the smaller size of this dataset
prevents robust conclusions, in colorectal, lung, and ovarian cancers, the CpG mutation

frequency outside of islands is again higher, suggesting this may be a general trend.

Excision of thymine in a deaminated CpG is performed by MBD4 and TDG DNA glycosylases
[55]. Neither enzyme has coding sequence mutations in the samples used in our analysis,
but there could be noncoding changes affecting expression or splicing, or mutations in
interaction partner genes. Other possibilities are that cellular changes increasing
methylation or deamination rates, or shortening cell division times could reduce the

probability of repair occurring prior to DNA replication, in tumor or precursor tissue.
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A—-G/T—C Mutational Asymmetry

An elevated rate of germline A—G mutations compared to the complementary rate of T—C
mutations on the coding strand been associated with transcribed regions in mammals [29].
We tested whether this asymmetry is detectable in cancer mutations, using data from three
studies (Fig. 2) [31-33]. All cancer types appear to have some excess of A—G mutations,
and the asymmetry is statistically significant in breast cancer (P=2.52e-3). To examine
whether this asymmetry is associated with expression, we calculated separate mutation
frequencies for genes with higher or lower than median expression, using expression data
from ten breast cancer samples to classify the genes [56]. The asymmetry is more
pronounced in genes with higher than median expression, suggestive of an expression-
related effect, although the difference does not reach statistical significance (Fig. S5). (We
found similar results using expression data from normal breast tissue [56]). The fact that
the same asymmetry is associated with germline transcription [29] could point to a common
(currently unknown) mechanism, for example involving in transcription-coupled DNA repair
[57] as hypothesized in [29].

Dinucleotide Hotspots as a Signhature

TpC (and the complementary GpA) dinucleotides are mutation hotspots for C—G
transversions at the C:G base pair in breast cancer [9, 13]. In addition to breast cancers,
three other cancer types sequenced in [10] have a significantly elevated mutation frequency
at TpC/GpA dinucleotides: lung cancer, melanoma, and ovarian cancer (Fig. S4B). These
results indicate that the TpC/GpA dinucleotide is a mutation hotspot in a subset of cancer

types.

As discussed above, CpG dinucleotides are a mutation hotspot in breast cancer, colorectal

cancer, pancreatic cancer, and glioblastoma [9, 31-33]. The relative fractions of mutations
occurring in TpC and CpG hotspots vs. other sites may thus be viewed as a “signature” that
presumably reflects the nature of the mutational mechanisms in different cancers. As such,

it may provide a useful tool for monitoring data quality in large sequencing studies.

We compared the proportion of mutations at TpC and CpG sites in the discovery and
validation screens for [9] in the genes that were mutated in both screens and found a
statistically significant difference between the screens, for each tissue type (Fig. 3) (breast
P=1.73e-4, colorectal P=9.06e-3), with the validation screen samples having a higher
proportion of non-hotspot mutations. This difference suggests differing mutational

mechanisms underlying the data from the two screens. It is not due to enrichment for
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cancer-associated genes in the validation screen, because our calculations use the same
gene set for both screens. One possible explanation is biological differences in the tissue
samples: the breast cancer discovery screen used cell lines whereas the breast cancer
validation screen used primary tumor tissue, and the colorectal cancer validation screen had
a higher proportion of xenografts (as opposed to cell lines) than the colorectal cancer
discovery screen [9]. An alternative possibility is that the difference is due to the whole
genome amplification protocol, which was applied to the validation screen samples, but not
the discovery screen samples. To discriminate between these possibilities, we examined a
subsequent study by the same investigators [31] that analyzed additional genes in the
same samples as [9] (excluding one validation screen breast tumor) using generally similar
methods, but excluding mutations detected in amplified samples that could not be verified
by sequencing of the unamplified sample. We analyzed hotspot proportions in the genes
sequenced in [31] and found no significant difference between screens (Fig. S6). Because
the same samples were used in both studies, this excludes sample differences as the
primary cause for the discrepancy between screens in [9] and points instead to

amplification-induced mutations.

The error rate of the ¢-29 polymerase used in the whole genome amplification reactions in
[9] is at least 12.5 mutations per Mb [58], which is significantly higher than the cancer
genome mutation rates reported in recent studies [9]. Thus some strategy is needed to
eliminate amplification-induced mutations. In [9], five independent amplification reactions
were pooled; our results suggest this strategy was not successful, possibly because of
variable amplification efficiency among replicates or reproducibility of particular
amplification errors. However, combining it with sequencing of unamplified samples to
validate putative mutations appears to have successfully eliminated artifacts in [31]. Note
that the presence of amplification errors may contribute to the higher overall mutation rate
observed in the validation screen for [9], an observation originally attributed to enrichment

for cancer-associated genes [9].

Conclusions

Our results indicate that only a small subset of nonsynonymous substitutions in cancer are
affected by selection, thus making it possible to interpret substitution trends as reflecting
underlying mutational processes. Our analyses eliminate CpG island methylation as a
significant factor in increased CpG mutation frequencies, and detect a mutational
asymmetry in breast cancers that may be linked to gene expression. We also demonstrate

the utility of mutation patterns for detecting technical artifacts in cancer sequencing studies.
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Methods

Sources of Data

Mutation data were obtained from supplementary online material provided with [9, 31]
(breast and colorectal cancers), [33] (glioblastoma multiforme), [32] (pancreatic cancer),
and [10] (protein kinases). Gene sequences and CpG island annotations were downloaded
from the UCSC Genome Browser database, release hgl8, except for Fig. 3, which used hgl7
[59]. Where necessary, we used the UCSC liftOver tool to convert mutation coordinates
from human genome build 35 to build 36. For type-specific analyses, tumors were classified
by tissue of origin. Normalized gene expression data was obtained from GEO [60] series
accession number GSE5764 [56].

Data Filtering

For analysis of data from [31-33], we obtained the list of genes sequenced by Wood et al.
and their RefSeq identifiers from the table of PCR primers in supplemental online material
[31, 53]. We discarded genes that are no longer in RefSeq (release 35) and 68 genes
containing a total of 112 nonsynonymous mutations that could not be reconciled with
sequences obtained from the UCSC Genome Browser database [59]. For gene models that
overlap (share a portion of a coding exon), the gene model reported to contain a mutation
was selected for analysis, or if no mutation was found, the gene model with the longest
coding sequence was selected. Our final gene set contained 17180 non-overlapping genes
present in RefSeq release 35 (March 2009). Genomic coordinates in some FASTA headers
were corrected to reflect the fact that short intergenic sequences had been included. We
removed all mutations from glioblastoma multiforme tumor BR27P, which had a 17-fold
excess of mutations apparently resulting from chemotherapy [33]. The majority of mutation
data for breast and colorectal cancer is from [9], which did not report synonymous
substitutions. For compatibility across studies, synonymous substitutions were excluded
from our analyses of data from [31-33], except when analyzing synonymous versus
nonsynonymous substitution frequencies. Analyses of data from [31-33] include only those
genes analyzed in [31]. We also excluded mutations in intronic splice sites. Analysis of
mutation data from [9] for Fig. 3 used version 1 of the consensus coding sequence (CCDS)

gene set [61] instead of RefSeq.

RefSeq [53] identifiers and sequences were obtained from the UCSC genome browser
(release hgl18) for 498 of 518 genes analyzed in [10]. Point mutation positions reported in

[10] were manually curated to resolve inconsistencies between RefSeq sequences and
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sequences downloaded from the Cancer Genome Project (CGP) database [62]. For five
genes, we manually corrected apparent frameshift errors in the RefSeq sequences. Genes
containing mutations that were inconsistent with CGP sequences were not included. Only
coding sequence point mutations identified as part of the main screen were considered. We
excluded data from gliomas and acute lymphocytic leukemias (because only the kinase
domains were sequenced in these samples), from MMR-deficient tumors, and from cancer
types with fewer than 20 point mutations after filtering, which left breast, colorectal,
gastric, lung, melanoma, ovarian, and renal cancers. We also discarded 47 mutations for
which the mutated nucleotide and two flanking nucleotides on each side did not all match in
the RefSeq and CGP sequences or which had inconsistent codon positions in the two
sequences. Of 1007 total mutations reported for the main screen in [10], 610 passed these

filters.

Analysis

Custom software was written to determine nucleotide context and CpG island membership
of bases in sequenced genes. Statistical analysis was performed using the R statistical

package [63].

Nonsynonymous frequencies were calculated by dividing the number of mutations at second
codon positions (at which substitutions are always nonsynonymous) by the number of
codons sequenced. Synonymous mutation frequencies were calculated by dividing the
number of mutations at four-fold degenerate sites (at which substitutions are always
synonymous) by the number of four-fold degenerate sites sequenced. We exclude sites at
which both synonymous and nonsynonymous substitutions are possible in order to avoid
issues relating to rate differences between substitution types. Nonsynonymous and
synonymous frequencies were calculated separately for each cancer type and dinucleotide
context (CpG in island, CpG in 2kb shore, other CpG, TpC/GpA, or other). Overall
nonsynonymous/synonymous frequency ratios were computed by taking a weighted
average of frequency ratios for each nucleotide context, using as weights the inverse of the
variance of each frequency ratio, calculated as described in section 3.1 of [64]. P-values for

overall frequency ratios were calculated using a two-tailed Z-test.

Mutation frequencies for data from [9, 31-33] were calculated by dividing the observed
number of honsynonymous mutations by the number of sequenced sites of that type using
discovery screen data. Mutation frequencies for data from [10] were calculated by dividing

the observed number of synonymous and nonsynonymous mutations by the number of
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sequenced sites of that type using main screen data. For frequency comparisons, 2x2
contingency tables were constructed with entries equal to the number of mutated and
unmutated sequenced bases for each of the two frequencies being compared. P-values were
calculated using Fisher’s exact test. Confidence intervals were calculated using the normal

approximation to the binomial.
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Fig. 1. CpG mutation frequencies in CpG islands, 2 kb CpG island shores, and remainder of
gene. Frequencies were computed from discovery screen data in [31-33] by dividing the
observed number of honsynonymous changes at the site by the number of sequenced sites

of that type. See table S3 for details. Error bars indicate 95% confidence intervals.
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Fig. 2. A—»G/T—C mutational asymmetry. Frequencies were computed as for Fig. 1. See

table S5A for counts. Error bars indicate 95% confidence intervals.
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Fig 3. Screen differences in dinucleotide hotspot mutation proportion in (A) breast and (B)
colorectal cancers. We used mutation data from [9], excluding known cancer genes (breast
cancer: TP53; colorectal cancer: APC, KRAS, TP53, SMAD4, FBXW7), genes that were
unmutated in one or both screens, and mutations in breast validation tumor BB23 because
it was excluded from analysis in [31]. Dashed lines indicate expected number of mutations
in the validation screen based on discovery screen frequencies, calculated by multiplying the
number of bases of each dinucleotide context (CpG in island, CpG in 2kb shore, other CpG,
TpC/GpA, or non-hotspot) sequenced in the validation screen by the appropriate discovery
screen mutation rate. Only the C:G base pair in TpC/GpA dinucleotides is considered to be
the hotspot. TpCpG and CpGpA trinucleotides were counted as CpGs. See table S6A for

counts.
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S1. Nonsynonymous and synonymous nucleotide substitution frequencies in (A) pancreatic
cancer and (B) glioblastoma. Substitution data were obtained from discovery screens in [32,
33] and classified by dinucleotide context. The only significant frequency difference before
correcting for multiple testing was TpC/GpA dinucleotides in glioblastoma, and this result
was not significant after Bonferroni correction (uncorrected P=0.019, corrected P=0.19).

See table S1 for counts. Error bars indicate 95% confidence intervals.
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Fig. S2. Amino acid substitutions in data from discovery screen in [9]. Significant candidate
cancer (CAN) genes are those that had significantly elevated mutation frequencies after
reanalysis as described in [52]. Non-significant CAN genes are those originally reported as
CAN genes [9] but not significant after reanalysis [52]. Shading indicates amino acid

substitution severity category are as defined in [35, 65]. See table S2 for counts.
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Fig. S3. CpG mutation frequencies in CpG islands, 500 bp CpG island shores, and remainder
of gene. Frequencies were computed from substitution data from discovery screens in [31-

33]. See table S3B for counts. Error bars indicate 95% confidence intervals.
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Fig. S5. A—»G/T—C mutational asymmetry in breast cancer by (A) tumor and (B) normal
tissue gene expression level, based on data from discovery screen in [31]. Genes were
classified into higher than median and lower than median expression classes using
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[56]. See tables S5B and C for counts. Error bars indicate 95% confidence intervals.
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Fig S6. Dinucleotide hotspot mutation proportion by screen in (A) breast and (B) colorectal
cancers. We used data from [31], excluding genes that were unmutated in one or both
screens and genes that had been sequenced in [9]. Only the C:G base pair in TpC/GpA
dinucleotides is counted as the hotspot. TpCpG and CpGpA trinucleotides were counted as
CpGs. See table S6B for counts.
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Table S1. Nonsynonymous and Synonymous Substitution Frequencies for (A) Pancreatic Cancer and (B)

Glioblastoma
A) Nonsynonymous Synonymous
Substitution Substitution Nonsynonymous/Synonymous
Frequencyt Frequency Frequency Ratio
CpGs in Islands 6.187 7.566 0.818
(3.658-8.715)1 (4.812-10.320)
CpGs in 2kb Shores 10.112 11.019 0.918
(4.815-15.408) (4.785-17.253)
Other CpGs 12.392 12.522 0.990
(9.846-14.938) (9.327-15.717)
TpC/GpA 2.233 2.143 1.042
(1.504-2.963) (1.286-3.001)
Other Nucleotides 1.128 1.177 0.959
(0.976-1.280) (0.940-1.413)
Nonsynonymous Nonsynonymous Synonymous Synonymous
Substitutions Substitutions Non-subs. Non-subs. P-value
CpGs in Islands 23 3717654 29 3832915 0.491
CpGs in 2kb Shores 14 1384535 12 1089022 0.846
Other CpGs 91 7343353 59 4711616 1.000
TpC/GpA 36 16121241 24 11197354 0.897
Other Nucleotides 211 187037633 95 80727634 0.755
B) Nonsynonymous Synonymous
Substitution Substitution Nonsynonymous/Synonymous
Frequency Frequency Frequency Ratio
CpGs in Islands 3.293 3.513 0.937
(1.252-5.334) (1.437-5.590)
CpGs in 2kb Shores 7.958 7.869 1.011
(2.759-13.157) (2.040-13.698)
Other CpGs 13.837 11.692 1.183
(10.860-16.814) (8.276-15.109)
TpC/GpA 2.202 0.765 2.878
(1.401-3.004) (0.198-1.332)
Other Nucleotides 0.857 0.819 1.047

(0.711-1.004)

(0.600-1.037)
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Nonsynonymous Nonsynonymous Synonymous Synonymous
Substitutions Substitutions Non-subs. Non-subs. P-value
CpGs in Islands 10 3036731 11 3130885 1.000
CpGs in 2kb Shores 9 1130944 7 889558 1.000
Other CpGs 83 5998323 45 3848631 0.415
TpC/GpA 29 13168448 7 9146441 0.010
Other Nucleotides 131 152779550 54 65941449 0.811

Substitution data were obtained from discovery screens in (1, 2).

1Al mutation frequencies are reported as mutations per million sites.

195% confidence intervals for mutation frequencies are displayed in parentheses.
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Table S2. Amino Acid Substitution Counts by Severity Class and P-values

Conservative Moderate Radical Very Radical Nonsense
Significant CAN Genest 8 6 3 3 8
Non-significant CAN Genes{ 73 65 40 15 5
Other Genes 332 326 142 75 58

P-value

Significant CAN Genes vs. Non-significant CAN Genes 1.61x10~7
Significant CAN Genes vs. Other Genes 2.96x1073
Non-significant CAN Genes vs. Other Genes 0.133

Substitution data were obtained from discovery screen in (3). Amino acid substitution severity categories
are as defined in (5, 6).

TSignificant candidate cancer (CAN) genes are those that had significantly elevated mutation rates after
reanalysis of data from (3) as described in (4).

INon-significant CAN genes are those originally reported as CAN genes (3) but not significant after
reanalysis.
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Table S3. CpG Mutation Frequencies and Count Data for (A) 2kb and (B) 500bp CpG Island Shores

A) CpG in Island CpG in Shore Other CpG Non-CpG
Mutation Mutation Mutation Mutation
Frequencyt Frequency Frequency Frequency
Breast Cancer 6.46 8.48 10.23 2.82
(4.44-8.49)% (4.56-12.39) (8.30-12.17) (2.62-3.02)
Colorectal Cancer 9.61 18.37 24.83 1.38
(7.14-12.09) (12.60-24.13) (21.82-27.84) (1.24-1.52)
Pancreatic Cancer 4.00 5.68 10.03 0.95
(2.93-5.06) (3.54-7.82) (8.75-11.30) (0.87-1.03)
Colorectal Cancer 2.54 5.92 10.15 0.71
(1.60-3.48) (3.50-8.34) (8.73-11.57) (0.64-0.79)
CpG Island CpG Shore CpG Island CpG Shore
Mutations Mutations Non-mutations Non-mutations P-value
Breast Cancer 39 18 6032658 2123233 0.365
Colorectal Cancer 58 39 6032639 2123212 2.42x1073
Pancreatic Cancer 54 27 13511494 4755459 0.163
Glioblastoma, 28 23 11036722 3884440 3.55%x1073
CpG Shore Other CpG CpG Shore Other CpG
Mutations Mutations Non-mutations Non-mutations P-value
Breast Cancer 18 108 2123233 10551921 0.551
Colorectal Cancer 39 262 2123212 10551767 0.089
Pancreatic Cancer 27 237 4755459 23633344 3.77x1073
Glioblastoma, 23 196 3884440 19304619 0.011
B) CpG in Island CpG in Shore Other CpG Non-CpG
Mutation Mutation Mutation Mutation
Frequency Frequency Frequency Frequency
Breast Cancer 6.46 7.29 10.13 2.82
(4.44-8.49) (1.46-13.12) (8.31-11.94) (2.62-3.02)
Colorectal Cancer 9.61 19.43 24.05 1.38
(7.14-12.09) (9.91-28.95) (21.26-26.84) (1.24-1.52)
Pancreatic Cancer 4.00 5.42 9.57 0.95
(2.93-5.06) (2.06-8.78) (8.39-10.75) (0.87-1.03)
Colorectal Cancer 2.54 7.30 9.59 0.71
(1.60-3.48) (2.99-11.62) (8.29-10.90) (0.64-0.79)
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CpG Island CpG Shore CpG Island CpG Shore

Mutations Mutations Non-mutations Non-mutations P-value
Breast Cancer 39 6 6032658 823446 0.817
Colorectal Cancer 58 16 6032639 823436 0.018
Pancreatic Cancer 54 10 13511494 1844292 0.339
Glioblastoma 28 11 11036722 1506485 5.03x1073

CpG Shore Other CpG CpG Shore Other CpG

Mutations Mutations Non-mutations Non-mutations P-value
Breast Cancer 6 120 823446 11851708 0.586
Colorectal Cancer 16 285 823436 11851543 0.483
Pancreatic Cancer 10 254 1844292 26544511 0.080
Glioblastoma 11 208 1506485 21682574 0.491

Substitution data were obtained from discovery screens in (1, 2, 7).
TAll mutation frequencies are reported as mutations per million sites.
195% confidence intervals for mutation frequencies are displayed in parentheses.
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Table S4. Mutation Frequencies and Count Data for (A) CpG and (B) TpC/GpA Dinucleotide Hotspots

A) CpG in Island CpG not in Island Non-CpG
Mutation Frequencyt Mutation Frequency Mutation Frequency
Breast Cancer 0 7.72 2.24
(3.35-12.1)% (1.69-2.78)
Colorectal Cancer 4.18 13.8 0.57
(0-9.97) (8.52-19.2) (0.32-0.82)
Gastric Cancer 0 13.7 1.19
(7.00-20.5) (0.735-1.65)
Lung Cancer 13.1 13.8 4.06
(4.02-22.2) (9.07-18.5) (3.47-4.65)
Melanoma 0 20.6 16.8
(6.32-34.9) (13.8-19.8)
Ovarian Cancer 2.42 4.94 1.45
(0-7.17) (1.52-8.37) (1.02-1.88)
Renal Cancer 0 2.21 0.797
(0.0442-4.37) (0.496-1.10)
CpG Island CpG Island CpG CpG Other Other
Mutations Sites Mutations Sites Mutations Sites
Breast Cancer 0 396048 12 1554288 65 29048616
Colorectal Cancer 2 478558 26 1878098 20 35100411
Gastric Cancer 0 297036 16 1165716 26 21786462
Lung Cancer 8 610574 33 2396194 182 44783283
Melanoma 0 99012 8 388572 122 7262154
Ovarian Cancer 1 412550 8 1619050 44 30258975
Renal Cancer 0 462056 4 1813336 27 33890052
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B) TpC/GpA Other
Mutation Frequency Mutation Frequency
Breast Cancer 12.9 1.06
(9.29-16.6) (0.676-1.45)
Colorectal Cancer 2.01 1.18
(0.697-3.32) (0.811-1.55)
Gastric Cancer 2.52 1.71
(0.653-4.38) (1.14-2.28)
Lung Cancer 12.9 3.54
(10.0-15.9) (2.97-4.11)
Melanoma 46.4 12.8
(32.5-60.3) (10.1-15.4)
Ovarian Cancer 3.88 1.34
(1.92-5.85) (0.912-1.76)
Renal Cancer 0.925 0.848
(0.0185-1.83) (0.528-1.17)
TpC/GpA Other TpC/GpA Other
Mutations Mutations Non-mutations Non-mutations P-value
Breast Cancer 48 29 3706992 27291883 <2.2x10°16
Colorectal Cancer 9 39 4479331 32977688 0.176
Gastric Cancer 7 35 2780273 20468899 0.339
Lung Cancer 74 149 5714946 42074882 <2.2x10716
Melanoma 43 87 926717 6822891 2.33x10~10
Ovarian Cancer 15 38 3861485 28429037 1.05x1073
Renal Cancer 4 27 4324876 31840537 0.783

Substitution data were obtained from main screen in (8).
1Al mutation frequencies are reported as mutations per million sites.

195% confidence intervals for mutation frequencies are displayed in parentheses.
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Table S5. A—G/T—C Asymmetry Mutation Frequencies and Count Data for (A) Multiple Tissues and

(B) Breast Cancer by Expression Level

A) A—G Mutation T—C Mutation
Frequencyt Frequency
Breast Cancer 0.969 0.428
(0.713-1.226)% (0.224-0.631)
Colorectal Cancer 0.635 0.453
(0.427-0.842) (0.244-0.662)
Pancreatic Cancer 0.425 0.258
(0.312-0.538) (0.153-0.364)
Glioblastoma 0.366 0.234

(0.250-0.483)

(0.123-0.345)

A—G T—C A—-G T—C
Mutations Mutations Non-mutations Non-mutations P-value
Breast Cancer 55 17 56733572 39763294 2.52x1073
Colorectal Cancer 36 18 56733591 39763293 0.270
Pancreatic Cancer 54 23 127067337 89058627 0.049
Glioblastoma, 38 17 103793478 72746502 0.133
B) A—G Mutation T—C Mutation
Frequency Frequency
Breast Cancer (high expr.) 0.968 0.310
(0.596-1.341) (0.062-0.558)
Breast Cancer (low expr.) 0.982 0.575
(0.618-1.345) (0.235-0.914)
A—G T—C A—G T—C
Mutations Mutations Non-mutations Non-mutations P-value
Breast Cancer (High) 26 6 26846951 19350029 7.05x1073
Breast Cancer (Low) 28 11 28520284 19137703 0.143

Substitution data were obtained from discovery screen in (7). Genes were classified into high and low

expression classes based on data from (9).
TAll mutation frequencies are reported as mutations per million sites.

195% confidence intervals for mutation frequencies are displayed in parentheses.
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Table S6. Dinucleotide Hotspot Count Data and P-values by Screen

A) Breast Cancer Colorectal Cancer
TpC/GpA Other CpG Other
Discovery Screen 38 76 56 43
Validation Screen 16 110 44 71
Validation Screen (Expected) 38 64 32 35
P-value
Breast Cancer Colorectal Cancer
Discovery Screen vs. Validation Screen 1.73x107% 9.06x1073
Validation Screen vs. Validation Screen (Expected) 1.85x107° 0.217
B) Breast Cancer Colorectal Cancer
TpC/GpA Other CpG Other
Discovery Screen 13 42 48 32
Validation Screen 7 41 37 40
P-value
Breast Cancer Colorectal Cancer
Discovery Screen vs. Validation Screen 0.320 0.151

A: Substitution data were obtained from (3), excluding known cancer genes (breast cancer: TP53;
colorectal cancer: APC, KRAS, TP53, SMAD4, FBXWT7), genes unmutated in one or both screens, and
mutations in validation tumor BB23.

B: Data from (7), excluding genes sequenced in (3), and genes unmutated in one or both screens.
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Chapter 4: Expression-based segmentation of the

Drosophila genome

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 that 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
[21, 66]. The S. cerevisiae genome is enriched for pairs and triplets of coexpressed genes,

which also often have shared function [17, 67, 68]. Essential genes also form clusters in
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yeast, independently of coexpression clustering [69]. The ordering of coexpressed genes
and essential genes in yeast is conserved over large evolutionary distances [69-71].
Arabidopsis thaliana also shows evidence of clustering by expression and by function [72,
73], but unlike in yeast, Arabidopsis clusters can be quite large, including up to 20 genes
[73], and up to 10% of Arabidopsis genes belong to such clusters [74]. The nematode C.
elegans has small coexpression clusters of 2-5 genes [18, 75] that are not attributable to
operons [76]. Unlike other eukaryotes studied, tandem duplicates are heavily represented in

C. elegans expression clusters [75].

Initial analyses in Drosophila described clusters of three or more tissue-specific genes,
particularly for testis [77], and large domains of 10-30 coordinately expressed genes [19].
Subsequent statistical analyses indicate that the large domains are actually artifactual
aggregates of smaller coexpression clusters, comprised of housekeeping genes and
functionally coordinated genes [78], and experiments measuring the effect of chromosomal
rearrangements that disrupt the large domains did not support the idea that they are
important for controlling gene expression [79]. Evidence for conservation of expression
clusters across Drosophila species is mixed. Genes within syntenic blocks are more likely to
have correlated expression than expected by chance [80], and some regions show evidence
of coevolution of expression [81]. However, other studies associate short intergenic distance

and coexpression with higher rates of genomic rearrangement [78].

In mammals, housekeeping genes form clusters [16, 82], as do low-expression genes that
are inactive in most tissues [83]. There is evidence of clustering of testis-specific genes in
mouse [84]. In contrast to yeast, there is little evidence for clustering based on gene
function in mammals [82]. A screen for mouse essential genes showed that they are
enriched in certain chromosomal regions [85], although it is unclear if the genes in these
clusters are coordinately expressed. Vertebrate coexpression clusters are thought to arise
gradually over evolutionary time, and some are conserved between human and chicken
[86], and human and mouse [87]. Clusters that include highly expressed genes are not
more likely to be conserved than expected by chance [87], and linkage between highly

expressed genes may in fact be deleterious [88].

Functionally coordinated gene clusters, which often overlap with coexpression clusters, are
not conserved across eukaryotes, and the genes and functions that cluster differ widely

across the species studied [89, 90].
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The appreciation that genome location affects expression dates back to observations of
differential expression of transgene insertions [91], but the mechanisms that maintain
coexpression clusters remain unknown. Proposed mechanisms include LCR-mediated activity
such as in the p-globin locus [92], sharing of proximal regulatory features [93], or regional
enhancers [94]. Analyses in several species have shown that adjacent coexpressed genes
tend be physically closer than the average [70, 71, 73, 95-97], but it is not known if this is
required for coexpression. Insulator proteins are thought to help separate genomic regions
into domains of activity or inactivity governed by long-range regulatory elements that affect
many genes [98]. The insulator protein CTCF has been implicated in the creation and
maintenance of chromatin loop domains [22]. Other experiments associate localization to
the nuclear pore with increased expression [23], or proximity to the nuclear lamina with
repression of transcription [99]. Recent advances in chromatin conformation capture and
other methods for interrogating the three-dimensional structure of the nucleus allow
characterization of physical contacts between genomic regions [100-104]. These studies
provide evidence for interactions among neighboring genes, which may be related to gene

coexpression.

Here we describe a novel method for identifying coexpression 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 evidence for an association with

physical interaction domains and insulator binding sites.

Results and Discussion
Expression Model

Previous work using correlation-based methods to identify clusters of coordinately
expressed genes has had mixed success [17, 19, 20, 73]. 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 [19, 78, 79]. We instead use an
approach 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
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(coexpression segments) such that the genes within a segment tend to have similar
expression levels across tissues. Specifically, the (tissue dependent) expression value for a
gene in a given segment is assumed to be the sum of a segment effect, which represents a
regional effect on expression in a given tissue that influences 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 measured by these arrays as a proxy for transcriptional activity, however
our method is easily adaptable to data from other technologies. Model details, and our

procedure for finding an optimal segmentation of the genome, are described in Methods.

Simulations

We tested our analysis method by simulating 40 datasets each with 2000 genes and 27
tissues (comparable to the FlyAtlas [105] data for a single chromosome arm), using similar
distribution parameters to those trained from the real data, and analyzing each simulated
dataset. In all datasets, the parameter training converged to within 2% of the correct value,
and the ‘true’ segmentation pattern used in the simulation was recovered exactly regardless
of random starting segmentation. We also simulated data for alternative parameter sets,

and found that is it robust to most parameter choices (Table S1).

Properties of Drosophila Expression Segments

We analyzed expression data from Drosophila melanogaster generated by the FlyAtlas
project [105]. The FlyAtlas dataset samples 32 diverse tissues, of which we analyzed 27
after quality filtering, and 11363 genes. Optimal segmentation identification is reasonably
robust (see Methods), and we chose the best scoring segmentation for followup analysis.
Roughly two thirds of genes fall into multi-gene segments and thus appear to have
coordinated expression with their neighbors across tissues. Multigenic segments have a
mean of 3.1 genes (median 2.0) (Fig. 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 having low
standard deviation (suggesting “housekeeping” style expression) (Fig. 1). The 302
segments in the top quartile for standard deviation value tend to have highly tissue-
restricted expression patterns, with mean expression that exceeds the dataset median in
only a small number of tissues. For 119 of these, expression is restricted in this sense to a

single tissue, and for 106 of the 119, the tissue is testis. This supports previous studies in
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Drosophila and mouse showing that testis-expressed genes often form coexpression clusters
[77, 84]. In contrast, segments expressed in non-testis tissues are often expressed in at

least one other tissue (Fig. S2).

To identify segments with shared function as well as coexpression, we tested each segment
for significant enrichment 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 segments having a
significantly enriched term (P=0.00324) (Table S2).

We then looked for features that may illuminate mechanisms for the formation and
maintenance of coexpression segments. Intergenic regions between segments are longer
than intergenic regions within segments (P=1.39e-24by Kolmogorov-Smirnov test) (Fig.
S1B and S1C). This length difference is consistent with previous work on coexpressed genes
in Drosophila and other organisms [70, 71, 73, 95-97]. We verified that it is independent of
repeats in the intergenic regions (Fig. S1D and S1E). This suggests that (perhaps not
surprisingly) the mechanisms involved in establishing or maintaining coexpression may be

less effective 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 [106], relative to pairs flanking intersegment 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 (Table S3).

Physical interaction domains [104] represent an intriguing 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
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.

Insulators may play a role in establishing interaction domain boundaries [104]. However,
many insulator binding 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 Negre et al. [107]. We first confirmed that (consistent
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with the results of Sexton et al.) peaks for BEAF-32, CP190, CTCF, GAF, and Mod(mdg4) are
significantly enriched (per kilobase) in intersegment 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 enrichment disappears after masking those peaks that overlap
the 2kb windows centered on interaction domain boundaries as identified by [104] (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 enrichment for insulator
peaks. However, if we restrict to intersegment 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 (Table S4), as compared to
the rest of the genome (excluding peaks overlapping the interaction domain windows). Thus
it appears that insulators may play a role in defining coexpression segments, beyond their
association 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 (Table S4)), consistent with previous

findings that Su(Hw) binds in regions where transcription is repressed in most tissues [108].

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 segments. Our segmentation pattern is correlated with physical interaction
domains [104], and with insulator binding, suggesting that coexpression segments may
represent substructure within the interaction domains, and that they may be in part
determined by insulator binding. 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 eukaryotes tend to have similar properties [66], suggests that an association with

insulator binding and physical interaction domains may hold more broadly.
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Methods

Data Sources

Gene models were downloaded from Ensembl release 66 [109] and genomic sequence from
dmel release 5 [110]. We performed an all-by-all BLATP search of annotated proteins in
FlyBase 5.39 [110] to identify candidate paralogs, 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 genes. No paralogs were removed from the analysis. Repeats were annotated using
RepeatMasker [111].

Raw expression data were downloaded from NCBI GEO accession GSE7763 [105] in CEL
format and normalized using RMA [112]. Probes were mapped to genes using the
drosophila2.db annotation package in Bioconductor [113]. Genes with multiple probesets
were assigned a single expression value by taking the median value for the probesets
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 (Table S5). 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 region between
two adjacent genes is defined as the region between their annotated start coordinates; the
intersegment 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 Scientific Library [114], the R Math Library [115], Argtable2 [116], LibDS
[117], Bzip2 [118], and Jansson [119]. Programs for visualization and analysis of the
segmentation patterns 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 expression

49



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:

I nlgm 9 Fls)ds

where the x;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 (Fig. S3), and g to be a normal distribution with mean 0:

f(s) = oN(s;p1,01) + (1 — ¢)N(s; p2, 02)
g(x) = N(x;0,0)

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 [120]:
score = —21In(P(x]0)) + K In(n)

where x is the set of observed expression values, 6 is the set of parameters for fand g, K is
the number of estimated parameters (lengths of all segments, and distribution 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 requires 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 implemented in the GNU Scientific Library [114]), in which
the score associated to each set of parameter values is computed by optimizing over
segmentations. Each chromosome 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
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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 segment
into two segments; merge, which combines two adjacent segments into a single segment;
and shift, which changes the boundary between two existing segments 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 improvement. 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 random 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 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 chromosome 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 (Fig. S3). This fis found using an EM
algorithm implemented in the PyMix package [121], and fixed during subsequent analysis.
Thus only the parameter ¢ that defines the distribution of gene deviations g is estimated

iteratively.

Simulations

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
dataset 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 conforms to the assumptions of our probability model for a specific
choice of fand 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 o is drawn for each draw from f. Our analysis of
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simulated datasets used 512 replicates (starting random segmentations) per round of

parameter training.

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 (Fig. 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 segment endpoints with the endpoints in the second-
best replicates, and 91.7% of their segment endpoints with the endpoints in the worst-
scoring replicates. Moreover, 84% of segments found in at least one replicate appear in
more than half of the replicates. Thus, despite some variability in exact segmentation and
score, the replicates are highly similar, implying that and 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 2x3 Chi-squared test.

Negre et al.’s [107] insulator peaks were converted from dm3 to dm5 using FlyBase's
coordinate conversion tool [110]. We removed 571 (of a total of 35365) insulator peaks
(1.6%) that could not be converted to dm5 coordinates due to assembly incompatibilities.
We counted the number of ChIP peaks that overlap regions of a given type using BEDTools
[122] and Pybedtools [123], and converted 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 specified region types. Significance for comparing two sets of regions was
determined by Fisher’s exact test, for a 2x2 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 and the number of bases in
the regions minus the number of peaks, divided by the average peak size. For analyses of

intersegment regions for a particular type of segment (e.g. multigenic segments), we
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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 2kb windows identified by Sexton et

al. as marking interaction domain boundaries.

Sexton et al.’s [104] physical interaction domain coordinates were converted from dm3 to
dm5 using FlyBase’s coordinate conversion tool [110]. We removed 12 domains that could
not be converted to dmb5 coordinates due to assembly incompatibilities. Genes were
assigned to interaction domains based on the position of their annotated start site. We
tested for significant sharing of endpoints between coexpression segments and interaction
domains by performing a Fishers’ exact test on the 2x2 table with cell counts giving the
number of intergenic regions (i.e. regions between the starts of adjacent genes) that are:
(i) segment endpoint and interaction domain endpoint, (ii) segment endpoint only, (iii)

interaction domain endpoint only, or (iv) neither segment nor interaction domain endpoint.

Our gene Ontology analysis used generic GO Slim [124]. GO term enrichments were
calculated using goatools [125]. Segments in which only one gene was annotated 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 permuting the list of segment lengths and requiring that no segment endpoints

were shared between the random segmentation and the real segmentation.
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Figures and Tables
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Fig 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 red line denotes the cutoff for the top quartile of
segments by standard deviation. The green 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.
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Fig. S1. Length distributions. (A) Histogram of segment lengths (# genes) for the best
scoring segmentation pattern. (B and C) Normalized histogram of all intergenic lengths (in
base pairs) within segments and between segments (B) and lengths below 10kb (C).
Intersegment lengths are significantly longer than intergenic lengths within segments
(P=1.39e-24). (D and E) Normalized histogram of all repeat-masked intergenic lengths (in
base pairs) within segments and between segments (D) and lengths below 10kb (E).
Repeat-masked intersegment lengths are significantly longer than repeat-masked intergenic

lengths within segments (P=2.21e-24).
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Fig. S2. Tissue coexpression. Cell color indicates ratio of the number of segments in which

both tissues are expressed to the number of segments in which either tissue is expressed.
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Fig. S3. FlyAtlas expression data, with best fitting distributions of various types. (A) Best
fitting normal distribution (blue) and exponential distribution (red). To visualize the
exponential fit, expression values are linearly shifted such that the smallest expression
value is zero. (B, C) Mixture of two normal distributions (components: green and purple;

sum: orange). This was taken as the segment effect distribution.
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Fig. S4. Replicate score distribution. The scores of the optimal segmentations found by
starting from 1024 random starting segmentations for each chromosome arm using the
optimal parameter values are plotted. Horizontal axis indicates the difference between the

replicate score and the best score found (lower is better).
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Table S1 Simulated data robustness

Matching
Mean size Mean size Sigma std. replicates per
(simulation) (replicates) Sigma Sigma mean dev. dataset
2 2 1.00 512
2 5 1.00 512
2 10 1.00 512
5 2 1.00 512
5 5 1.00 512
5 10 1.00 512
10 2 1.00 512
10 5 1.00 512
10 10 1.00 512
2,5,10 2 1.00 512
2,5,10 5 1.00 512
2,5,10 10 1.00 512
2 2 1.00 0.10 512
2 5 1.00 0.10 512
2 10 1.00 0.10 512
5 2 1.00 0.10 512
5 5 1.00 0.10 512
5 10 1.00 0.10 512
10 2 1.00 0.10 512
10 5 1.00 0.10 512
10 10 1.00 0.10 512
2,5,10 2 1.00 0.10 512
2,5,10 5 1.00 0.10 512
2,5,10 10 1.00 0.10 512
2 2 1.00 0.20 512
2 5 1.00 0.20 512
2 10 1.00 0.20 512
5 2 1.00 0.20 512
5 5 1.00 0.20 512
5 10 1.00 0.20 512
10 2 1.00 0.20 512
10 5 1.00 0.20 512
10 10 1.00 0.20 512
2,5,10 2 1.00 0.20 512
2,5,10 5 1.00 0.20 512
2,5,10 10 1.00 0.20 512
2 2 1.00 0.50 25
2 5 1.00 0.50 21
2 10 1.00 0.50 8
5 2 1.00 0.50 29
5 5 1.00 0.50 50
5 10 1.00 0.50 17
10 2 1.00 0.50 9
10 5 1.00 0.50 12
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10 10 1.00 0.50
2,5,10 2 1.00 0.50
2,5,10 5 1.00 0.50
2,5,10 10 1.00 0.50

40
19
46
20

We simulated 10 datasets with the fixed sigma parameter for each mean size (40
total), as described in the text. Additional datasets were simulated to test our
assumption that modeling a single value of sigma for all tissues and all segments is
sufficient
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Table S2 Segments with enriched GO Slim terms

P-value Segment
(FDR- genes with Segment
Genes GO Term Annotation corrected) term length
FBgn0029095,FBgn0020305,
FBgn0053526 GO:0043226 organelle ~ 0.0445 3 3
FBgn0031294,FBgn0003310, plasma
FBgn0015905 GO:0005886 membrane ~ 0.0201 2 3
FBgn0024314,FBgn0051922,
FBgn0031317,FBgn0031318,
FBgn0031319,FBgn0031320, mMRNA
FBgn0031321,FBgn0031322  GO:0003729 binding  0.0249 2 8
transmemb
rane
FBgn0051668,FBgn0053124 GO0O:0055085 transport 0.00155 2
FBgn0051668,FBgn0053124 GO0:0006810 transport 0.00412 2
FBgn0031403,FBgn0051679, mitochondr
FBgn0052463,FBgn0051682 GO0:0005739 ion 5.10E-05 4
FBgn0031403,FBgn0051679,
FBgn0052463,FBgn0051682 G0:0043226 organelle 0.0299 4
extracellula
FBgn0031407,FBgn0054049 GO:0005576 r region 0.00233 2
FBgn0031423,FBgn0031424, lipid
FBgn0031426,FBgn0051948, metabolic
FBgn0085477 GO:0006629 process 0.00784 2 5
FBgn0031457,FBgn0028398,
FBgn0026324 GO:0005737 cytoplasm ~ 0.0248 2 3
FBgn0031462,FBgn0031463,
FBgn0031465,FBgn0031464, transferase
FBgn0031466,FBgn0031467, activity,
FBgn0031468,FBgn0031469, transferrin
FBgn0031470,FBgn0031471, g glycosyl
FBgn0031472,FBgn0031473  GO:0016757 groups 2.87€-06 3 12
FBgn0004584,FBgn0031483,
FBgn0031484,FBgn0031485,
FBgn0250786,FBgn0025109, DNA
FBgn0002989,FBgn0025681  GO:0003677 binding  0.0154 3 8
FBgn0031520,FBgn0053281, transmemb
FBgn0053282,FBgn0031522, rane
FBgn0031523 | GO:0055085 transport ~ 2.58E-08 5 5
FBgn0031520,FBgn0053281,
FBgn0053282,FBgn0031522,
FBgn0031523 GO:0006810 transport ~ 3.18€-07 5 5
transmemb
FBgn0031520,FBgn0053281, rane
FBgn0053282,FBgn0031522, transporter
FBgn0031523 G0:0022857 activity 0.000637 5
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FBgn0031520,FBgn0053281,

FBgn0053282,FBgn0031522, biological_
FBgn0031523 GO:0008150 process 0.00135 5 5
FBgn0053123,FBgn0031544 G0O:0005737 cytoplasm 0.00426 2 2
FBgn0024244,FBgn0004892, intracellula
FBgn0002985 G0:0005622 r 0.00892 2 3
FBgn0031746,FBgn0002856, extracellula
FBgn0002855 G0:0005615 r space 9.78E-06 3 3
FBgn0031746,FBgn0002856, extracellula
FBgn0002855 G0:0005576 r region 0.00517 2 3
transmemb
rane
FBgn0031756,FBgn0031757, transporter
FBgn0031758 G0:0022857 activity 0.000192 2 3

FBgn0051642,FBgn0031782,
FBgn0031784,FBgn0031785,
FBgn0040950,FBgn0031786,

FBgn0085409,FBgn0026755, cell

FBGn0053531 GO:0007155 adhesion  0.0218 2 9
FBgn0026196,FBgn0028554, mRNA

FBGn0004838 GO:0003729 binding 0.00449 2 3
FBgn0026196,FBgn0028554, RNA

FBgn0004838 G0:0003723 binding 0.0131 2 3
FBgn0031874,FBgn0031875, DNA

FBgn0031876 G0:0003677 binding 0.0126 2 3
FBgn0031874,FBgn0031875, molecular_

FBgn0031876 GO0:0003674 function 0.0237 3 3

FBgn0031900,FBgn0051909,
FBgn0010453,FBgn0004009,

FBgn0031902,FBgn0031903, extracellula

FBgn0002938 GO0:0005576 r region 0.000125 4 7

FBgn0020618,FBgn0004177 ~ GO:0005737 cytoplasm  0.0128 2 2

FBgn0031977,FBgn0044323 GO:0005634 nucleus 0.0452 2 2

FBgn0013531,FBgn0010287  GO:0005634 nucleus  0.0452 2 2
structural

FBgn0032050,FBgn0032051, constituent

FBgn0032052,FBgn0032053, of

FBgn0032054 GO:0003735 ribosome  0.0194 2 5

FBgn0032050,FBgn0032051,

FBgn0032052,FBgn0032053,

FBgn0032054 G0:0006412 translation 0.0249 2 5

FBgn0032050,FBgn0032051, structural

FBgn0032052,FBgn0032053, molecule

FBgn0032054 G0:0005198 activity 0.0279 2 5

FBgn0032050,FBgn0032051,

FBgn0032052,FBgn0032053, biosyntheti

FBgn0032054 G0:0009058 c process 0.0295 2 5

FBgn0032066,FBgn0032067,

FBgn0032068,FBgn0032069 GO:0005764 lysosome 3.53E-10 4 4
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FBgn0032066,FBgn0032067,

FBgn0032068,FBgn0032069 GO:0005773 vacuole 3.53E-10 4 4

FBgn0032066,FBgn0032067,

FBgn0032068,FBgn0032069 GO0O:0043226 organelle 0.00156 4 4

FBgn0051709,FBgn0014179, cell

FBgn0032132,FBgn0019809, proliferatio

FBgn0051882 G0:0008283n 0.00247 2 5

FBgn0051709,FBgn0014179,

FBgn0032132,FBgn0019809, molecular_

FBgn0051882 G0:0003674 function 0.0319 4 5

FBgn0051709,FBgn0014179,

FBgn0032132,FBgn0019809, biological_

FBgn0051882 GO:0008150 process  0.0416 4 5

FBgn0024285,FBgn0040064, mitochondr

FBgn0025700,FBgn0032160 ~ GO:0005739 ion  0.0128 2 4

FBgn0024285,FBgn0040064, lipid

FBgn0025700,FBgn0032160 ~ GO:0005811 particle  0.0202 2 4
mitochondr

FBgn0032161,FBgn0032162  GO:0005739 ion 0.000817 2 2

FBgn0032236,FBgn0000413, RNA

FBgn0032237,FBgn0051716  GO:0003723 binding ~ 0.0258 2 4
lipid

FBgn0051872,FBgn0043825, metabolic

FBgn0032275 GO:0006629 process  7.69E-06 3 3

FBgn0051872,FBgn0043825, extracellula

FBgn0032275 GO:0005615 rspace ~ 0.0027 2 3

FBgn0051872,FBgn0043825, biological_

FBgn0032275 GO:0008150 process ~ 0.0291 3 3
lipid

FBgn0024740,FBgn0032289, metabolic

FBgn0032291 GO0:0006629 process 0.00239

FBgn0028919,FBgn0032533,

FBgn0001965,FBgn0000153, DNA

FBgn0004406,FBgn0015271  GO:0003677 binding 000385 3 6

FBgn0001961,FBgn0026373,

FBgn0028509 GO:0043226 organelle  0.0306 3 3

FBgn0027929,FBgn0028543,

FBgn0054003,FBgn0028542, extracellula

FBgn0028936 | GO:0005576 rregion ~ 1.42E-08 5 5

FBgn0027929,FBgn0028543,

FBgn0054003,FBgn0028542, cellular_co

FBgn0028936 GO:0005575 mponent  0.00993 5 5

FBgn0032553,FBgn0032554,

FBgn0013300,FBgn0013301, DNA

FBgn0028887,FBgn0259213  GO:0003677 binding 000322 3 6
vesicle-

FBgn0015338,FBgn0011708, mediated

FBgn0000339 G0:0016192 transport 0.000616
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FBgn0015338,FBgn0011708,

FBgn0000339 GO0:0006810 transport 0.0402 2 3
extracellula

FBgn0020416,FBgn0020415 GO:0005576 r region 0.00117 2 2
structural
constituent
of

FBgn0032720,FBgn0032721 GO0O:0003735 ribosome 0.00179 2 2

FBgn0032720,FBgn0032721  GO:0006412 translation  0.00231 2 2
structural
molecule

FBgn0032720,FBgn0032721 GO0O:0005198 activity 0.00259 2 2
biosyntheti

FBgn0032720,FBgn0032721 GO0O:0009058 c process 0.00274 2 2

FBgn0032815,FBgn0032817, intracellula

FBgn0032818,FBgn0032819 G0:0005622 r 0.0219 2 4

FBgn0032824,FBgn0032825,

FBgn0032827,FBgn0044811, response

FBgn0053117 GO:0006950 to stress  0.000164 2 5

FBgn0032824,FBgn0032825,

FBgn0032827,FBgn0044811, extracellula

FBgn0053117 GO0:0005615 r space 0.0132 2 5

FBgn0032824,FBgn0032825,

FBgn0032827,FBgn0044811, extracellula

FBgn0053117 GO0:0005576 r region 0.0334 2 5

FBgn0014127,FBgn0019686,

FBgn0003978,FBgn0045064 GO:0007067 mitosis 0.002 2 4
DNA

FBgn0032906,FBgn0032907 GO0:0003677 binding 0.00215 2 2

FBgn0032940,FBgn0000370  GO:0005634 nucleus  0.0226 2 2
proteinace

FBgn0037224,FBgn0037225, ous

FBgn0250821,FBgn0037227, extracellula

FBgn0041621 GO0:0005578 r matrix 7.80E-06 3 5
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FBgn0051559,FBgn0037405,
FBgn0037406,FBgn0051562,
FBgn0037408,FBgn0037409,
FBgn0037410,FBgn0037411,
FBgn0037412,FBgn0037413,
FBgn0027527,FBgn0037414,
FBgn0037415,FBgn0037416,
FBgn0037417,FBgn0037418,
FBgn0037419,FBgn0037420,
FBgn0037421,FBgn0037422,
FBgn0040279,FBgn0037424,
FBgn0051561,FBgn0051556,
FBgn0051560,FBgn0037427,
FBgn0037428,FBgn0037429,
FBgn0037430,FBgn0037431,
FBgn0037432
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FBgn0051559,FBgn0037405,
FBgn0037406,FBgn0051562,
FBgn0037408,FBgn0037409,
FBgn0037410,FBgn0037411,
FBgn0037412,FBgn0037413,
FBgn0027527,FBgn0037414,
FBgn0037415,FBgn0037416,
FBgn0037417,FBgn0037418,
FBgn0037419,FBgn0037420,
FBgn0037421,FBgn0037422,
FBgn0040279,FBgn0037424,
FBgn0051561,FBgn0051556,
FBgn0051560,FBgn0037427,
FBgn0037428,FBgn0037429,
FBgn0037430,FBgn0037431,
FBgn0037432

FBgn0051559,FBgn0037405,
FBgn0037406,FBgn0051562,
FBgn0037408,FBgn0037409,
FBgn0037410,FBgn0037411,
FBgn0037412,FBgn0037413,
FBgn0027527,FBgn0037414,
FBgn0037415,FBgn0037416,
FBgn0037417,FBgn0037418,
FBgn0037419,FBgn0037420,
FBgn0037421,FBgn0037422,
FBgn0040279,FBgn0037424,
FBgn0051561,FBgn0051556,
FBgn0051560,FBgn0037427,
FBgn0037428,FBgn0037429,
FBgn0037430,FBgn0037431,
FBgn0037432

molecular_

G0:0003674 function 1.59E-07 20
biological_

GO:0008150 process 7.04E-07 19
cellular_co

GO:0005575 mponent 0.00236 2

31
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FBgn0051481,FBgn0004054,
FBgn0085326,FBgn0004053,

FBgn0000166 GO:0005634 nucleus 000139 4 5
FBgn0051481,FBgn0004054,

FBgn0085326,FBgn0004053,

FBgn0000166 G0:0043226 organelle 0.00552 5
FBgn0000439,FBgn0003339,

FBgn0001077 G0:0005634 nucleus 0.00605 3
FBgn0000439,FBgn0003339,

FBgn0001077 G0:0043226 organelle 0.0175 3
FBgn0015770,FBgn0037501,

FBgn0051544,FBgn0054023, plasma

FBgn0037503 GO:0005886 membrane  0.0274 2 5
FBgn0042104,FBgn0042102, signal

FBgn0042105,FBgn0042103, transductio

FBgn0037517 G0:0007165 n 0.00705 5
FBgn0037617,FBgn0037618,

FBgn0037619,FBgn0037620  GO:0005634 nucleus 0.0112 3 . 4
FBgn0037617,FBgn0037618,

FBgn0037619,FBgn0037620 GO:0043226 organelle 0.0313 4
FBgn0014380,FBgn0037700, GTPase

FBgn0003205 G0:0003924 activity 0.00326 3
FBgn0051390,FBgn0010421 GO:0005634 nucleus 0.0303 2
FBgn0037876,FBgn0037877,

FBgn0037878,FBgn0020910,

FBgn0037880,FBgn0037881, unfolded

FBgn0037882,FBgn0037883, protein

FBgn0037885,FBgn0037884  GO:0051082 binding ~ 0.0294 2 10
FBgn0037876,FBgn0037877,

FBgn0037878,FBgn0020910,

FBgn0037880,FBgn0037881,

FBgn0037882,FBgn0037883, protein

FBgn0037885,FBgn0037884 GO:0006457 folding 0.0347 10
FBgn0051441,FBgn0051388  GO:0005634 nucleus ~ 0.0303 2 2
FBgn0037892,FBgn0037893, molecular_

FBgn0011774,FBgn0037894  GO:0003674 function ~  0.0178 4 4
FBgn0037895,FBgn0037896 GO:0006810 transport 0.00846 2
FBgn0037918,FBgn0051363,

FBgn0037920,FBgn0037922  GO:0005634 nucleus 00261 3 . 4
FBgn0037921,FBgn0037923,

FBgn0042205,FBgn0037924 GO:0005634 nucleus 0.0149 4
FBgn0037921,FBgn0037923,

FBgn0042205,FBgn0037924 GO0:0043226 organelle 0.0417 4
FBgn0037921,FBgn0037923, cellular_co

FBgn0042205,FBgn0037924  GO:0005575 mponent 0.0489 4 . 4
FBgn0042207,FBgn0038067, lipid

FBgn0038068,FBgn0038069, metabolic

FBgn0038070 G0:0006629 process 6.65E-11 5
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FBgn0042207,FBgn0038067,

FBgn0038068,FBgn0038069, biological_

FBgno038070 GO:0008150 process  0.000502 5 5
intracellula

FBgn0038244,FBgn0020299 ~ GO:0005622 r 0.00143 2 2

FBgn0038260,FBgn0038261,

FBgn0038262,FBgn0038266, transmemb

FBgn0053555,FBgn0038267, rane

FBgn0038268 GO0:0055085 transport 0.00204 3 7

FBgn0038260,FBgn0038261,
FBgn0038262,FBgn0038266,
FBgn0053555,FBgn0038267,

FBgn0038268 GO:0006810 transport  0.00491 3. 7
DNA

FBgn0002783,FBgn0022787  GO:0003677 binding 0.00725 2 2
transmemb

FBgn0038402,FBgn0063649, rane

FBgn0038404,FBgn0038405  GO:0055085 transport 0.0268 2 4

FBgn0038402,FBgn0063649,

FBgn0038404,FBgn0038405 G0O:0006810 transport 0.0483 2 4
transmemb
rane

FBgn0038414,FBgn0038415, transporter

FBgn0038416 GO:0022857 activity 1.24E-06 3. 3
transmemb

FBgn0038414,FBgn0038415, rane

FBgn0038416 GO0:0055085 transport 0.000105 3 3

FBgn0038414,FBgn0038415,

FBgn0038416 GO0:0006810 transport 0.000261 3 3

FBgn0038414,FBgn0038415, biological_

FBgn0038416 GO0:0008150 process 0.0347 3 3

FBgn0038414,FBgn0038415, molecular_

FBgn0038416 G0:0003674 function 0.0379 3 3

FBgn0038471,FBgn0038472,
FBgn0020493,FBgn0038474,
FBgn0038473,FBgn0038475,
FBgn0038476,FBgn0086736,

FBgn0038478 GO:0005730 nucleolus  0.0124 2 9

FBgn0038547,FBgn0038548,

FBgn0038549,FBgn0038550 ~ GO:0005634 nucleus  0.000301 4 4

FBgn0038547,FBgn0038548,

FBgn0038549,FBgn0038550 ~ GO:0043226 organelle  0.00125 . 4 4

FBgn0038547,FBgn0038548, cellular_co

FBgn0038549,FBgn0038550 GO:0005575 mponent 0.0367 4 4
intracellula

FBgn0004652,FBgn0038626 GO:0005622 r 0.00191 2 2

FBgn0038629,FBgn0038632, extracellula

FBgn0038633 GO:0005576 r region 0.00282 2 3
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mitochondr
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FBgn0038680,FBgn0038681 GO:0005739 ion 0.000515
transmemb
FBgn0038716,FBgn0038717, rane
FBgn0038718,FBgn0038719  GO:0055085 transport  1.70E-06 4 4
FBgn0038716,FBgn0038717,
FBgn0038718,FBgn0038719 ~ GO:0006810 transport ~ 5.76E-06 4 4
FBgn0038716,FBgn0038717, biological_
FBgn0038718,FBgn0038719  GO:0008150 process 0.00396 4 4
FBgn0038765,FBgn0038766,
FBgn0038767,FBgn0038768,
FBgn0038769 G0:0005634 nucleus 0.00139
FBgn0038765,FBgn0038766,
FBgn0038767,FBgn0038768,
FBgn0038769 GO:0043226 organelle  0.00552 4 5
response
FBgn0038838,FBgn0044809  GO:0006950 to stress  4.10E-05 2 2
extracellula
FBgn0038838,FBgn0044809  GO:0005615 rspace  0.000439 2 2
extracellula
FBgn0038838,FBgn0044809 ~ GO:0005576 rregion 0.00286 2 2
FBgn0038851,FBgn0038852 GO:0005634 nucleus 0.0303
FBgn0038886,FBgn0038887,
FBgn0038888,FBgn0051438, lipid
FBgn0008651,FBgn0011278 GO0:0008289 binding 2.56E-05
FBgn0038886,FBgn0038887,
FBgn0038888,FBgn0051438, extracellula
FBgn0008651,FBgn0011278 ~ GO:0005615 r space 000753 2 6
FBgn0038886,FBgn0038887,
FBgn0038888,FBgn0051438, extracellula
FBgn0008651,FBgn0011278 GO:0005576 r region 0.0473
extracellula
FBgn0038918,FBgn0038919 GO:0005615 r space 0.000293
FBgn0038922,FBgn0019960,
FBgn0038923,FBgn0038924, mitochondr
FBgn0038925,FBgn0019957  GO:0005739ion 00249 2 6
DNA
FBgn0038978,FBgn0038979  GO:0003677 binding 0.00604 2 2
cellular
amino acid
metabolic
FBgn0039051,FBgn0039052  GO:0006520 process  3.42E-05 2 2
small
molecule
metabolic
FBgn0039051,FBgn0039052 GO:0044281 process 3.42E-05
FBgn0039051,FBgn0039052 GO:0005737 cytoplasm 0.0104



FBgn0039140,FBgn0039141,
FBgn0043455,FBgn0005649,

FBgn0026576,FBgn0010709, unfolded
FBgn0039145,FBgn0001230, protein
FBgn0040283 G0:0051082 binding 0.0344 2 9

FBgn0039140,FBgn0039141,

FBgn0043455,FBgn0005649,

FBgn0026576,FBgn0010709,

FBgn0039145,FBgn0001230, protein

FBgn0040283 G0:0006457 folding 0.0406 2 9

FBgn0039140,FBgn0039141,
FBgn0043455,FBgn0005649,
FBgn0026576,FBgn0010709,

FBgn0039145,FBgn0001230, molecular_
FBgn0040283 GO:0003674 function ~ 0.0441 6 9
anatomical
structure
developme
FBgn0004897,FBgn0004898  GO:0048856 nt 5.27E-05 2 2
embryo
developme
FBgn0004897,FBgn0004898 GO:0009790 nt 5.27E-05 2 2
FBgn0039282,FBgn0039283,
FBgn0039286 GO:0043226 organelle  0.0175 3. 3
FBgn0039282,FBgn0039283, DNA
FBgn0039286 GO:0003677 binding ~ 0.0213 2 3
FBgn0039329,FBgn0028647 GO:0005634 nucleus 0.0303 2 2
FBgn0039366,FBgn0039367,
FBgn0039368,FBgn0039369, endoplasmi
FBgn0039370,FBgn0039371 GO0:0005783 c reticulum 8.36E-09 5 6

FBgn0039366,FBgn0039367,
FBgn0039368,FBgn0039369,

FBgn0039370,FBgn0039371 GO0:0043226 organelle 0.000936 5 6
FBgn0011670,FBgn0039378, extracellula

FBgn0011668 GO:0005615 r space 0.000874 2 3
FBgn0011670,FBgn0039378, extracellula

FBgn0011668 GO:0005576 r region 0.00564 2 3

lipid
FBgn0039386,FBgn0039387, metabolic
FBgn0051091,FBgn0051089 GO:0006629 process 0.000869 2 4

FBgn0002592,FBgn0002609,
FBgn0002629,FBgn0002631,
FBgn0002632,FBgn0002633 GO:0005634 nucleus 0.00767 4 6

FBgn0002592,FBgn0002609,
FBgn0002629,FBgn0002631,
FBgn0002632,FBgn0002633 GO:0043226 organelle 0.0294 4 6
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FBgn0051014,FBgn0039782,
FBgn0054041,FBgn0039783,
FBgn0051524,FBgn0039784

FBgn0039434,FBgn0039435, proteinace

FBgn0039436,FBgn0039438, ous

FBgn0039439,FBgn0039441, extracellula

FBgn0051080 G0:0005578 r matrix 1.37E-12

FBgn0039434,FBgn0039435,

FBgn0039436,FBgn0039438,

FBgn0039439,FBgn0039441, cellular_co

FBgn0051080 G0O:0005575 mponent 0.000892
proteinace

FBgn0051081,FBgn0039443, ous

FBgn0039444,FBgn0243586, extracellula

FBgn0039448 GO:0005578 r matrix 3.30E-11

FBgn0051081,FBgn0039443,

FBgn0039444,FBgn0243586, cellular_co

FBgn0039448 GO:0005575 mponent ~ 0.00812 5 5
lipid
metabolic

FBgn0039470,FBgn0039471  GO:0006629 process  0.000146 2 2
lipid

FBgn0039472,FBgn0039473, metabolic

FBgn0039474 GO:0006629 process  1.186-06 3 3

FBgn0039472,FBgn0039473, biological_

FBgn0039474 G0O:0008150 process 0.0139
signal

FBgn0004387,FBgn0039525, transductio

FBgn0027492,FBgn0040080 ~ GO:0007165n 000533 2 4
GTPase

FBgn0039566,FBgn0003890  GO:0003924 activity ~ 0.000685 2 2
extracellula

FBgn0000278,FBgn0000279 ~ GO:0005615 rspace  0.000293 2 2
extracellula

FBgn0000278,FBgn0000279 ~ GO:0005576 rregion 0.00191 2 2
Golgi

FBgn0015221,FBgn0015222  GO:0005794 apparatus  0.000111 2 2
oxidoreduc
tase

FBgn0015221,FBgn0015222 G0:0016491 activity 0.000256

FBgn0026190,FBgn0039780, endoplasmi

FBgn0051371 G0:0005783 c reticulum 0.00178

endoplasmi

:0005783 c reticulum 2.95E-11

FBgn0051014,FBgn0039782,
FBgn0054041,FBgn0039783,

FBgn0051524,FBgn0039784 G0:0043226 organelle 4.18E-05
FBgn0051014,FBgn0039782,

FBgn0054041,FBgn0039783, cellular_co
FBgn0051524,FBgn0039784 GO:0005575 mponent 0.00673
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FBgn0051021,FBgn0051017,

endoplasmi

FBgn0051016 GO:0005783 creticulum 8.19E-06 3 3

FBgn0051021,FBgn0051017,

FBgn0051016 GO:0043226 organelle ~ 0.00876 3 3

FBgn0039792,FBgn0051013,

FBgn0051015,FBgn0039795,

FBgn0039796,FBgn0051010,

FBgn0039797,FBgn0039798, endoplasmi

FBgn0039799 G0:0005783 c reticulum 0.0473 9

FBgn0051005,FBgn0039835, biosyntheti

FBgn0039836 G0:0009058 c process 0.00393 3
transmemb

FBgn0039872,FBgn0017448, rane

FBgn0039873 GO:0055085 transport  6.31E-05 3 3

FBgn0039872,FBgn0017448,

FBgn0039873 GO:0006810 transport  0.000157 3 3

FBgn0039872,FBgn0017448, biological_

FBgn0039873 GO:0008150 process ~ 0.0208 3 3

FBgn0040370,FBgn0040371,

FBgn0029521,FBgn0004034,

FBgn0000022,FBgn0004170, DNA

FBgn0011822,FBgn0000137 GO0:0003677 binding 0.0203 8

FBgn0040344,FBgn0040339  GO:0005634 nucleus ~ 0.0363 2 2

FBgn0040337,FBgn0026143 GO0O:0005737 cytoplasm 0.0141 2

FBgn0000377,FBgn0023525,

FBgn0029608 G0:0006810 transport 0.0141 3

FBgn0000377,FBgn0023525, intracellula

FBgn0029608 G0:0005622 r 0.0247 3

FBgn0000520,FBgn0250874,

FBgn0024975,FBgn0000376,

FBgn0024980,FBgn0040384  GO:0043226 organelle  0.0372 4 6

FBgn0028369,FBgn0003285, plasma

FBgn0029649,FBgn0004647  GO:0005886 membrane 0.000608 3 4

FBgn0040393,FBgn0010294,

FBgn0010295,FBgn0002933, structural

FBgn0010296,FBgn0003086, molecule

FBgn0003374 GO:0005198 activity ~ 4.54E-07 5 7

FBgn0040393,FBgn0010294,

FBgn0010295,FBgn0002933,

FBgn0010296,FBgn0003086, extracellula

FBgn0003374 GO:0005576 rregion  5.14E-07 5 7

FBgn0040393,FBgn0010294,

FBgn0010295,FBgn0002933,

FBgn0010296,FBgn0003086, molecular_

FBgn0003374 G0:0003674 function 0.00148 7
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FBgn0040393,FBgn0010294,
FBgn0010295,FBgn0002933,

FBgn0010296,FBgn0003086, cellular_co
FBgn0003374 GO0:0005575 mponent 0.031 6 7
FBgn0052772,FBgn0029736, intracellula
FBgn0029737,FBgn0029738 GO0:0005622 r 0.0322 2 4
FBgn0004403,FBgn0004404 ~ GO:0005840 ribosome  0.000397 2 2
structural
constituent
of
FBgn0004403,FBgn0004404 ~ GO:0003735 ribosome  0.00211 2 2
FBgn0004403,FBgn0004404 GO:0006412 translation 0.00211 2 2
biosyntheti
FBgn0004403,FBgn0004404 GO0O:0009058 c process 0.00261 2 2
structural
molecule
FBgn0004403,FBgn0004404  GO:0005198 activity 0.00493 2 2
intracellula
FBgn0030008,FBgn0030009 ~ GO:0005622 r 0.00282 2 2
FBgn0030010,FBgn0030011, intracellula
FBgn0030012 GO:0005622 r  0.0165 2 3
FBgn0000233,FBgn0020378 GO0:0005634 nucleus 0.0436 2 2
signal
transductio
FBgn0030163,FBgn0030164 GO0O:0007165 n 0.000391 2 2
lipid
metabolic
FBgn0005391,FBgn0004045  GO:0006629 process  0.000198 2 2
lipid
FBgn0005391,FBgn0004045  GO:0005811 particle 0.00202 2 2
structural
molecule
FBgn0005391,FBgn0004045 GO:0005198 activity 0.00296 2 2
FBgn0030314,FBgn0030316, DNA
FBgn0002948 G0:0003677 binding 0.0178 2 3
extracellula
FBgn0000808,FBgn0003865 GO0O:0005576 r region 0.00207 2 2
FBgn0030506,FBgn0030507 ~ GO:0005634 nucleus  0.0363 2 2
FBgn0086448,FBgn0004227,
FBgn0004598,FBgn0030744, mMRNA
FBgn0030745,FBgn0010416 GO:0003729 binding 0.0117 2 6
FBgn0086448,FBgn0004227,
FBgn0004598,FBgn0030744, RNA
FBgn0030745,FBgn0010416 GO:0003723 binding 0.0213 2 6
FBgn0011742,FBgn0030759, cytoskeleto
FBgn0015615,FBgn0015374, n
FBgn0030761,FBgn0061200, organizatio
FBgn0025743 GO0:0007010 n 0.00168 2 7
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proteinace
ous

FBgn0052570,FBgn0052569, extracellula
FBgn0052568,FBgn0052574 GO:0005578 r matrix 1.89E-06
signal
FBgn0052570,FBgn0052569, transductio
FBgn0052568,FBgn0052574  GO:0007165n 00046 2 4
transmemb
FBgn0031011,FBgn0031012, rane
FBgn0259834 GO:0055085 transport 6.00E-06
FBgn0031011,FBgn0031012,
FBgn0259834 GO:0006810 transport 6.56E-05
FBgn0031011,FBgn0031012, biological_
FBgn0259834 GO:0008150 process 0.0153
FBgn0031047,FBgn0031048, molecular_
FBgn0031049 G0:0003674 function 0.0287
FBgn0031109,FBgn0031110, extracellula
FBgn0031111 | GO:0005576 rregion 0.00306 2 3
intracellula
FBgn0031116,FBgn0052506 GO:0005622 r 0.00282
signal
FBgn0031118,FBgn0031119, transductio
FBgn0026323 GO:0007165 n 0.00232
DNA
FBgn0259162,FBgn0083981 GO:0003677 binding 0.00606
FBgn0259162,FBgn0083981  GO:0005634 nucleus  0.0363 2 2
transmemb
rane
FBgn0033047,FBgn0033048 GO:0055085 transport 0.00263
FBgn0033047,FBgn0033048  GO:0006810 transport ~ 0.00491 2 2
FBgn0033083,FBgn0000054 GO:0005634 nucleus 0.0427
transmemb
rane
FBgn0033096,FBgn0033097  GO:0055085 transport  0.00263 2 2
FBgn0033096,FBgn0033097 GO:0006810 transport 0.00491
FBgn0066293,FBgn0053349, protein
FBgn0053558 G0:0043234 complex 0.000403
FBgn0029507,FBgn0029506, molecular_
FBgn0033127 | GO:0003674 function 00159 3 3
FBgn0029507,FBgn0029506, biological_
FBgn0033127 GO:0008150 process 0.0163
FBgn0033128,FBgn0033129, molecular_
FBgn0033130 G0:0003674 function 0.0159
FBgn0033128,FBgn0033129, biological_
FBgn0033130 | GO:0008150 process 00163 3 3
FBgn0033135,FBgn0033136, molecular_
FBgn0033137 G0:0003674 function 0.0159
FBgn0033135,FBgn0033136, biological_
FBgn0033137 GO:0008150 process 0.0163
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FBgn0025185,FBgn0033185, intracellula

FBgn0033186 G0:0005622 r 2.84E-05 3 3
oxidoreduc

FBgn0033204,FBgn0033205, tase

FBgn0033206 GO:0016491 activity ~ 0.000342 2 3
transmemb

FBgn0028562,FBgn0028561, rane

FBgn0033257 G0:0055085 transport 0.00775 2 3

FBgn0028562,FBgn0028561,

FBgn0033257 G0:0006810 transport 0.0143 2 3
carbohydra
te

FBgn0002570,FBgn0002569, metabolic

FBgn0002571,FBgn0033294 G0:0005975 process 5.15E-09 4 4

FBgn0002570,FBgn0002569, biological_

FBgn0002571,FBgn0033294 G0:0008150 process 0.00327 4 4
carbohydra
te

FBgn0050360,FBgn0033296, metabolic

FBgn0033297 G0:0005975 process 7.93E-07 3 3

FBgn0050360,FBgn0033296, biological_

FBgn0033297 GO:0008150 process 0.0163 3 3

FBgn0033322,FBgn0033323, transmemb

FBgn0033324,FBgn0033326, rane

FBgn0050357 G0:0055085 transport 0.00146 3 5

FBgn0033322,FBgn0033323,
FBgn0033324,FBgn0033326,

FBgn0050357 GO:0006810 transport  0.00368 3.5
FBgn0033322,FBgn0033323,

FBgn0033324,FBgn0033326, biological_

FBgn0050357 G0O:0008150 process 0.0412 4 5
FBgn0050343,FBgn0020621, signal

FBgn0033400,FBgn0033401, transductio

FBgn0026326,FBgn0033402  GO:0007165n 0.00693 2 6
FBgn0050343,FBgn0020621,

FBgn0033400,FBgn0033401, intracellula

FBgn0026326,FBgn0033402 GO:0005622 r 0.042 2 6
FBgn0085436,FBgn0033427 GO0O:0005737 cytoplasm 0.00914 2 2

FBgn0033562,FBgn0010356,
FBgn0033566,FBgn0050020,

FBgn0017414,FBgn0033569 GO0:0005634 nucleus 0.0395 3 6
FBgn0043470,FBgn0043471,

FBgn0011556,FBgn0011554, extracellula

FBgn0011555 G0:0005576 r region 0.000305 3 5
FBgn0003863,FBgn0010425, extracellula

FBgn0010357 G0:0005576 r region 3.16E-05 3 3

lipid
FBgn0033663,FBgn0000556 GO0:0005811 particle 0.00237 2 2
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intracellula
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FBgn0033667,FBgn0033668 GO:0005622 r 0.00119
FBgn0050047,FBgn0050049, peptidase
FBgn0050043 G0:0008233 activity 1.75E-07
FBgn0050047,FBgn0050049, molecular_
FBgn0050043 G0:0003674 function 0.0238
FBgn0033748,FBgn0033749  GO:0005634 nucleus ~ 0.0183 2 2
FBgn0033748,FBgn0033749 G0:0043226 organelle 0.0405
FBgn0250842,FBgn0050488, extracellula
FBgn0050486 GO:0005576 r region 7.90E-05
transmemb
rane
FBgn0033903,FBgn0033904, transporter
FBgn0033905 G0:0022857 activity 3.40E-08
FBgn0033903,FBgn0033904, molecular_
FBgn0033905 G0:0003674 function 0.0159
FBgn0034008,FBgn0004698, intracellula
FBgn0034009,FBgn0013750 ~ G0:0005622 r 00312 2 4
FBgn0050467,FBgn0034027, extracellula
FBgn0034030 GO:0005576 r region 0.00378
GTPase
FBgn0014020,FBgn0017549 G0:0003924 activity 0.00092
FBgn0034152,FBgn0034153, extracellula
FBgn0015584,FBgn0053530  GO:0005615 rspace  5.04E-05 3 4
FBgn0034152,FBgn0034153, extracellula
FBgn0015584,FBgn0053530 ~ GO:0005576 rregion ~ 0.0149 2 4
FBgn0034152,FBgn0034153, cellular_co
FBgn0015584,FBgn0053530  GO:0005575 mponent  0.0427 4 4
intracellula
FBgn0050456,FBgn0034194  GO:0005622 r 0.00119 2 2
response
FBgn0034219,FBgn0028956  GO:0006950 to stress  2.25-06 2 2
FBgn0034329,FBgn0034330,
FBgn0034331,FBgn0025583,
FBgn0040735,FBgn0040734, extracellula
FBgn0040733,FBgn0064237 ~ GO:0005576 rregion 000162 3 8
FBgn0027535,FBgn0034419, cytoskeleto
FBgn0000578,FBgn0034418, n
FBgn0034420,FBgn0034421, organizatio
FBgn0034422,FBgn0010434  GO:0007010n 000651 2 8
peptidase
FBgn0034440,FBgn0034441  GO:0008233 activity ~ 3.37E-05 2 2
extracellula
FBgn0022700,FBgn0034582 GO:0005615 r space 0.000445
FBgn0034622,FBgn0034623, extracellula
FBgn0034624 GO:0005576 r region 0.00756
signal
transductio
FBgn0050280,FBgn0050281 GO:0007165 n 0.000379



extracellula

FBgn0050280,FBgn0050281 GO0:0005615 r space 0.000891 2 2
plasma

FBgn0034718,FBgn0013272 GO:0005886 membrane  0.00142 2 2

FBgn0034766,FBgn0050259,

FBgn0034768,FBgn0034769, oxidoreduc

FBgn0034770,FBgn0050275, tase

FBgn0050268 G0:0016491 activity 0.00353 2 7

FBgn0050272,FBgn0050265, transmemb

FBgn0034782,FBgn0034783, rane

FBgn0034784,FBgn0034785 GO:0055085 transport 1.71E-09 6 6

FBgn0050272,FBgn0050265,
FBgn0034782,FBgn0034783,

FBgn0034784,FBgn0034785 GO0:0006810 transport 1.16E-08 6 6
FBgn0050272,FBgn0050265,
FBgn0034782,FBgn0034783, biological_
FBgn0034784,FBgn0034785  GO:0008150 process  0.000196 6 6
transmemb
rane
FBgn0034883,FBgn0034884 GO:0055085 transport 0.00263 2 2
FBgn0034883,FBgn0034884 ~ GO:0006810 transport  0.00491 2 2
FBgn0041582,FBgn0021875, cell
FBgn0034982,FBgn0019643, proliferatio
FBgn0015544 G0:0008283 n 0.00355 2 5

FBgn0041582,FBgn0021875,
FBgn0034982,FBgn0019643,
FBgn0015544 G0:0005737 cytoplasm 0.00803 3 5
FBgn0035023,FBgn0035021,
FBgn0035024,FBgn0035025,

FBgn0035026,FBgn0035027, protein

FBgn0035028 G0:0006457 folding 0.0212 2 7

FBgn0035063,FBgn0035064, RNA

FBgn0035065,FBgn0041205 GO:0003723 binding 0.0249 2 4
transmemb

FBgn0085434,FBgn0035077, rane

FBgn0035078 GO:0055085 transport  0.0181 2 3

FBgn0085434,FBgn0035077,

FBgno035078 GO:0006810 transport  0.0334 2 3
extracellula

FBgn0011694,FBgn0004181  GO:0005615 rspace  0.000668 2 2
response

FBgn0035131,FBgn0035132  GO:0006950 to stress  1.63E-05 2 2

FBgn0035155,FBgn0035157,

FBgn0035158,FBgn0035159, DNA

FBgn0035160 GO:0003677 binding 0.0174 2 5

FBgn0035283,FBgn0004636, GTPase

FBgn0042712,FBgn0035285 GO:0003924 activity 0.00407 2 4
extracellula

FBgn0035325,FBgn0052302 GO:0005576 r region 0.00317 2 2
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FBgn0053233,FBgn0035364,

transmemb
rane

FBgn0053234,FBgn0035366  GO:0055085 transport  0.0107 2 4
FBgn0053233,FBgn0035364,
FBgn0053234,FBgn0035366  GO:0006810 transport ~ 0.0293 2 4
transmemb
FBgn0035563,FBgn0052238, rane
FBgn0046793,FBgn0085295, transporter
FBgn0035567,FBgn0035568  GO:0022857 activity 000152 2 6
FBgn0035690,FBgn0022699,
FBgn0022935,FBgn0035691  GO:0005634 nucleus  0.000137 4 4
FBgn0035690,FBgn0022699,
FBgn0022935,FBgn0035691  GO:0043226 organelle  0.00074 4 4
FBgn0035690,FBgn0022699, cellular_co
FBgn0022935,FBgn0035691  GO:0005575 mponent  0.0439 4 4
transmemb
rane
FBgn0035695,FBgn0004513 ~ GO:0055085 transport  0.00183 2 2
FBgn0035695,FBgn0004513  GO:0006810 transport ~ 0.00509 2 2
FBgn0010406,FBgn0027554,
FBgn0035829,FBgn0035830,
FBgn0035831,FBgn0011817, RNA
FBgn0026263 G0:0003723 binding 0.0463
FBgn0035915,FBgn0052351  GO:0005737 cytoplasm ~ 0.00733 2 2
FBgn0035954,FBgn0035955,
FBgn0035956,FBgn0028789,
FBgn0035957 G0:0005634 nucleus 0.0148
FBgn0035954,FBgn0035955,
FBgn0035956,FBgn0028789,
FBgn0035957 GO:0043226 organelle 00488 3 5
extracellula
FBgn0036046,FBgn0044050  GO:0005576 rregion 0.00635 2 2
transmemb
rane
FBgn0040823,FBgn0036066, transporter
FBgn0052053,FBgn0052054  GO:0022857 activity ~ 2.256-06 3 4
transmemb
FBgn0040823,FBgn0036066, rane
FBgn0052053,FBgn0052054  GO:0055085 transport  0.000134 3 4
FBgn0040823,FBgn0036066,
FBgn0052053,FBgn0052054 GO:0006810 transport 0.000622
extracellula
FBgn0036070,FBgn0036072 GO:0005576 r region 0.00635
structural
molecule
FBgn0003378,FBgn0003377 GO:0005198 activity 0.00133
extracellula
FBgn0003378,FBgn0003377 GO:0005576 r region 0.00635
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FBgn0036225,FBgn0036226,

extracellula

FBgn0036227,FBgn0036229 GO:0005576 r region 4.83E-06 4 4

FBgn0036225,FBgn0036226, cellular_co

FBgn0036227,FBgn0036229 GO:0005575 mponent 0.0292 4 4
extracellula

FBgn0053265,FBgn0036232 GO:0005576 r region 0.00317 2 2
extracellula

FBgn0036233,FBgn0036234 GO:0005576 r region 0.00317 2 2
DNA

FBgn0036248,FBgn0036249 GO:0003677 binding 0.00239 2 2

FBgn0036274,FBgn0052105  GO:0005634 nucleus  0.0204 2 2

FBgn0036274,FBgn0052105 GO:0043226 organelle 0.0474 2 2

FBgn0036285,FBgn0000625 GO:0005634 nucleus  0.0204 2 2

FBgn0036285,FBgn0000625 GO:0043226 organelle 0.0474 2 2

FBgn0036302,FBgn0015904,

FBgn0015919,FBgn0052111, cellular_co

FBgn0014343,FBgn0014007 ~ GO:0005575 mponent  0.0123 6 6

FBgn0036361,FBgn0036362, extracellula

FBgn0036363 GO:0005576 rregion  0.000124 3. 3

FBgn0036411,FBgn0042630 GO:0005634 nucleus 0.0341 2 2
DNA

FBgn0003459,FBgn0036423 GO:0003677 binding 0.00358 2 2

FBgn0036518,FBgn0036519, intracellula

FBgn0036520,FBgn0036522  GO:0005622 r  0.0205 2 4

FBgn0004588,FBgn0004589, extracellula

FBgn0004590,FBgn0004591  GO:0005576 rregion  4.83E-06 4 4

FBgn0004588,FBgn0004589, cellular_co

FBgn0004590,FBgn0004591  GO:0005575 mponent  0.0292 . 4 4

FBgn0004593,FBgn0004594,

FBgn0014848,FBgn0014849, extracellula

FBgn0014850,FBgn0014851 GO0:0005576 r region 7.02E-09 6 6

FBgn0004593,FBgn0004594,

FBgn0014848,FBgn0014849, cellular_co

FBgn0014850,FBgn0014851  GO:0005575 mponent  0.00352 6 6
intracellula

FBgn0036537,FBgn0036538  GO:0005622 r 0.00142 2 2

FBgn0000212,FBgn0000115,

FBgn0259824,FBgn0036556, Golgi

FBgn0036557,FBgn0036558  GO:0005794 apparatus  0.00902 2 | 6
oxidoreduc

FBgn0036747,FBgn0036749, tase

FBgn0036750,FBgn0052182  GO:0016491 activity ~ 0.000509 2 4

FBgn0015946,FBgn0011706,

FBgn0036786 G0O:0008219 cell death  0.000105 2 3

FBgn0015946,FBgn0011706, mitochondr

FBgn0036786 G0O:0005739 ion 0.00411 2 3

FBgn0036794,FBgn0036795,

FBgn0036796,FBgn0052201, endoplasmi

FBgn0052199 GO0:0005783 c reticulum 4.95E-05 3 5
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FBgn0036794,FBgn0036795,
FBgn0036796,FBgn0052201,

FBgn005219%9 === GO:0043226 organelle ~ 0.0488 = 3.3
FBgn0036807,FBgn0036808, mitochondr

FBgn0036809,FBgn0036810  GO:000573%9 ion  0.0109 = 2 4
FBgn0036889,FBgn0005386, DNA

FBgn0010417 G0O:0003677 binding  0.0106 . 2. .3
FBgn0036889,FBgn0005386, molecular_

FBgn0010417 G0:0003674 function 0.0396 3 3

FBgn0023094,FBgn0036911,
FBgn0013799,FBgn0003744,

FBgn0052221,FBgn0001324, signal
FBgn0020389,FBgn0036913, transductio
FBgn0036915,FBgn0036916 G0O:0007165 n 0.0203 2 10

FBgn0036949,FBgn0036950,
FBgn0036951,FBgn0036952, extracellula
FBgn0036953 G0:0005576 r region 1.85E-07 5 5

FBgn0036949,FBgn0036950,

FBgn0036951,FBgn0036952, cellular_co

FBgn0036953 GO:0005575 mponent 0.0101 5
transmemb

FBgn0037003,FBgn0037004, rane

FBgn0037005 GO:0055085 transport 3.39E-05 3

FBgn0037003,FBgn0037004, plasma

FBgn0037005 G0:0005886 membrane 0.000107 3 3

FBgn0037003,FBgn0037004,

FBgn0037005 G0O:0006810 transport 0.000159 3 3

FBgn0037003,FBgn0037004, biological_

FBgn0037005 G0:0008150 process 0.0389 3 3
unfolded

FBgn0037149,FBgn0027532, protein

FBgn0037150,FBgn0037151  G0:0051082 binding 0.00105 2 4

FBgn0037149,FBgn0027532, protein

FBgn0037150,FBgn0037151  GO:0006457 folding 0.00219 2 4

FBgn0037149,FBgn0027532, biological_

FBgn0037150,FBgn0037151 GO:0008150 process 0.00768 4 4
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Table S3 Segment gene orientation counts

head-to-head tail-to-tail same strand
2 genes intrasegment 390 276 570
3+ genes intrasegment 1131 1076 1740
intersegment 1597 1766 2812
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Table S4 Insulator enrichment

Peaks
masked
masked
masked
masked
masked
masked
masked
masked
masked
masked
masked
masked
masked
masked
all

all

all

all

all

all

all

all

all

all

all

all

all

all
masked
masked
masked
masked
masked
masked
masked
masked
masked
masked
masked
masked
masked
masked
all

all

all

all

Region Type

intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment

Subset
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
PID
PID
PID
PID
PID
PID
PID
PID
PID
PID
PID
PID
PID
PID
PID
PID
PID
PID
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Insulator
BEAF
CP190
CTCF
CTCF_C
CTCF_N
CTCF_N_KC
CTCF_N_S2
GAF

MDJ14
class1
class2
SuHw
suHw_pam
total

BEAF
CP190
CTCF
CTCF_C
CTCF_N
CTCF_N_KC
CTCF_N_S2
GAF

MDJ14
class1
class2
SuHw
suHw_pam
total

BEAF
CP190
CTCF
CTCF_C
CTCF_N
CTCF_N_KC
CTCF_N_S2
GAF

MDJ14
class1
class2
SuHw
suHw_pam
total

BEAF
CP190
CTCF
CTCF_C

0.901
0.93
0.9
0.874
0.896
0.92
0.923
0.893
0.941
0.91
1.011
1.013
1.009
0.932
0.731
0.774
0.711
0.698
0.712
0.724
0.715
0.788
0.766
0.735
0.953
0.954
0.953
0.783
1.163
1.006
1.029
1.074
1.049
0.914
1.048
1.193
0.857
1.05
0.739
0.733
0.744
0.976
1.833
1.535
1.686
1.694

Enrichment P-value

0.0011435
0.0064506
4.10E-06
0.0005602
0.0121254
0.0858547
0.0845748
0.0008662
0.1212785
9.47E-09
0.6559713
0.7161517
0.7881194
1.94E-07
5.90E-27
5.52E-25
2.58E-59
8.18E-24
6.95E-18
2.65E-13
9.49E-16
9.88E-14
1.14E-13
1.77E-88
0.0495363
0.1649845
0.1481105
1.38E-79
0.000756
0.8789309
0.3745567
0.1882005
0.4385505
0.2136986
0.4697201
0.000111
0.0074384
0.0346615
6.18E-16
3.77E-09
8.21E-09
0.2078031
9.02E-63
1.92E-41
1.59E-89
2.84E-33



all
all
all
all
all
all
all
all
all
all
masked
masked
masked
masked
masked
masked
masked
masked
masked
masked
masked
masked
masked
masked
all
all
all
all
all
all
all
all
all
all
all
all
all
all
masked
masked
masked
masked
masked
masked
masked
masked
masked
masked
masked

intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment
intersegment

PID
PID
PID
PID
PID
PID
PID
PID
PID
PID

tissue restricted intersegment -
tissue restricted intersegment -
tissue restricted intersegment -
tissue restricted intersegment -
tissue restricted intersegment -
tissue restricted intersegment -
tissue restricted intersegment -
tissue restricted intersegment -
tissue restricted intersegment -
tissue restricted intersegment -
tissue restricted intersegment -
tissue restricted intersegment -
tissue restricted intersegment -
tissue restricted intersegment -
tissue restricted intersegment -
tissue restricted intersegment -
tissue restricted intersegment -
tissue restricted intersegment -
tissue restricted intersegment -
tissue restricted intersegment -
tissue restricted intersegment -
tissue restricted intersegment -
tissue restricted intersegment -
tissue restricted intersegment -
tissue restricted intersegment -
tissue restricted intersegment -
tissue restricted intersegment -
tissue restricted intersegment -

3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment

no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
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CTCF_N
CTCF_N_KC
CTCF_N_S2
GAF

MDJ14
class1
class2
SuHw
suHw_pam
total

BEAF
CP190
CTCF
CTCF_C
CTCF_N
CTCF_N_KC
CTCF_N_S2
GAF

MDJ14
class1
class2
SuHw
suHw_pam
total

BEAF
CP190
CTCF
CTCF_C
CTCF_N
CTCF_N_KC
CTCF_N_S2
GAF

MDJ14
class1
class2
SuHw
suHw_pam
total

BEAF
CP190
CTCF
CTCF_C
CTCF_N
CTCF_N_KC
CTCF_N_S2
GAF

MDJ14
class1
class2

1.708
1.598
1.731
1.537
1.417
1.67
0.882
0.872
0.891
1.464
0.994
1
1.132
1.093
1.18
1.074
1.186
1.061
0.892
1.059
1.213
1.22
1.206
1.08
1.016
0.999
1.114
1.078
1.168
1.06
1.153
1.057
0.936
1.057
1.21
1.213
1.207
1.077
1.298
1.231
1.194
1.135
1.247
1.205
1.207
1.109
1.127
1.228
1.231

5.85E-28
1.87E-17
1.04E-26
3.75E-26
5.22E-14
1.96E-154
0.0003683
0.0059781
0.0165766
6.37E-116
0.9721233
1
0.0082345
0.26485
0.0620138
0.4660336
0.0672764
0.3884435
0.1979827
0.0965906
9.85E-05
0.0039385
0.0056066
0.0059213
0.77835

1
0.0111768
0.2973788
0.0508653
0.5151474
0.0876751
0.3979704
0.4258024
0.0845145
9.09E-05
0.0043172
0.0044068
0.0053649
1.64E-09
9.80E-09
1.44E-08
0.0181426
0.00017
0.004669
0.0027635
0.0277827
0.025625
3.91E-20
5.73E-10



masked
masked
masked
all
all
all
all
all
all
all
all
all
all
all
all
all
all
masked
masked
masked
masked
masked
masked
masked
masked
masked
masked
masked
masked
masked
masked
all
all
all
all
all
all
all
all
all
all
all
all
all
all

3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment
3+ gene intersegment

no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
no PID
PID
PID
PID
PID
PID
PID
PID
PID
PID
PID
PID
PID
PID
PID
PID
PID
PID
PID
PID
PID
PID
PID
PID
PID
PID
PID
PID
PID

SuHw
suHw_pam
total

BEAF
CP190
CTCF
CTCF_C
CTCF_N
CTCF_N_KC
CTCF_N_S2
GAF

MDJ14
class1
class2
SuHw
suHw_pam
total

BEAF
CP190
CTCF
CTCF_C
CTCF_N
CTCF_N_KC
CTCF_N_S2
GAF

MDJ14
class1
class2
SuHw
suHw_pam
total

BEAF
CP190
CTCF
CTCF_C
CTCF_N
CTCF_N_KC
CTCF_N_S2
GAF

MDJ14
class1
class2
SuHw
suHw_pam
total

1.239
1.223
1.206
1.127
1.083
0.999
0.961
1.043
1.009
0.994
1.018
0.972
1.054
1.188
1.195
1.181
1.069
1.159
1.029
1.021
1.087
1.099

0.92
0.934
1.113
0.841
1.053
0.739
0.738
0.739
0.969
1.743
1.471
1.546
1.546
1.605
1.469

1.55
1.403
1.276
1.565
0.839
0.842
0.835
1.372

4.81E-06
9.85E-06
1.75E-24
0.002818
0.0205426
0.9883041
0.4414925
0.4402123
0.8772373
0.9533712
0.7017375
0.5960704
0.014361
1.96E-07
0.000118
0.000217
0.000202
0.0346046
0.6313606
0.6653372
0.3212066
0.3052124
0.5125903
0.5679089
0.1342093
0.0680325
0.1489509
4.57E-07
0.000336
0.000265
0.3099148
1.89E-23
5.32E-15
6.80E-27
1.53E-10
4.06E-10
9.20E-06
4.83E-08
1.08E-07
0.0008429
4.14E-50
0.0019139
0.0322006
0.0209903
6.95E-34

Enrichment ratios greater than one indicate that the insulator is enriched in the
specified region compared to the rest of the genome. P-values that are significant
after Bonferroni correction are bolded (P < 5.95E-04).
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Table S5

Tissue biological replicate pairwise correlation values

Tissue

Larval Wandering fat body

Larval Feeding Fatbody

Larval Feeding Trachea

Larval Feeding Carcass

Adult Whole Fly

Adult Carcass

Adult Male Ejaculatory Duct
Adult Salivary Gland

Adult Eye

Larval Feeding Mid Gut

Adult Fatbody

Adult Female Spermatheca Mated
Adult Heart

Adult Head

Adult Testes

Larval Feeding Hind Gut

Whole Larvae Feeding

Larval Feeding Malpighian Tubule
Adult Thoracoabdominal ganglion
Larval Feeding Salivary Gland
Adult Accessory gland

Adult Female Spermatheca Virgin
Larvae Wandering Tubules

Adult Crop

Larval Feeding Central Nevous System

Adult Brain

Adult Hind Gut

Adult Mid Gut

Adult Ovary

5th Passage Drosophila S2 Cells

Mean
0.949
0.958
0.979
0.989
0.988
0.988
0.991
0.990
0.990
0.994
0.991
0.992
0.993
0.993
0.994
0.994
0.995
0.995
0.995
0.994
0.994
0.994
0.995
0.995
0.997
0.997
0.997
0.997
0.997
0.998

Min
0.877
0.924
0.971
0.980
0.983
0.985
0.986
0.987
0.988
0.989
0.989
0.990
0.991
0.991
0.991
0.992
0.992
0.992
0.992
0.992
0.993
0.994
0.994
0.994
0.995
0.995
0.996
0.997
0.997
0.998

Max
0.987
0.991
0.992
0.993
0.992
0.991
0.995
0.992
0.993
0.996
0.994
0.993
0.995
0.995
0.996
0.997
0.998
0.996
0.997
0.996
0.995
0.995
0.996
0.997
0.997
0.998
0.997
0.997
0.998
0.999

Red values are below the 0.98 cutoff for pairwise correlation.
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