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Genome-wide transcription profiling has revealed extensive expression of non-coding RNAs

antisense to genes, yet their functions, if any, remain to be understood. In this study, we perform a

systematic analysis of sense–antisense expression in response to genetic and environmental

changes in yeast. We find that antisense expression is associated with genes of larger expression

variability. This is characterized by more ‘switching off’ at low levels of expression for genes

with antisense compared to genes without, yet similar expression at maximal induction.

By disrupting antisense transcription, we demonstrate that antisense expression confers an on-off

switch on gene regulation for the SUR7 gene. Consistent with this, genes that must respond in a

switch-like manner, such as stress–response and environment-specific genes, are enriched for

antisense expression. In addition, our data provide evidence that antisense expression initiated

from bidirectional promoters enables the spreading of regulatory signals from one locus to

neighbouring genes. These results indicate a general regulatory effect of antisense expression on

sense genes and emphasize the importance of antisense-initiating regions downstream of genes in

models of gene regulation.
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Introduction

Interleaved organization of transcription (Birney et al, 2007;

Kapranov et al, 2007) is widespread in many genomes (David

et al, 2006; He et al, 2008; Guell et al, 2009), raising the

question of whether overlapping transcripts interact. Tran-

scription antisense to coding genes represents B55% of the

stable uncharacterized transcripts (SUTs) in yeast (Xu et al,

2009) and has been reported for a quarter of the protein coding

genes in humans (He et al, 2008). For a handful of cases,

regulatory roles of antisense expression on gene expression

have been demonstrated. These involve a variety of mechan-

isms and effects—antisense can inhibit sense expression

through transcriptional interference (Hongay et al, 2006) or

histone modification (Camblong et al, 2007; Berretta et al,

2008; Houseley et al, 2008; Pinskaya et al, 2009). Such

interactions can make gene activation faster (Uhler et al, 2007)

or slower (Houseley et al, 2008). How widespread these

regulatory effects are across the genome has so far, however,

not been determined. We hypothesized that insight into the

function of antisense expression could be gained by observing

the behaviour of overlapping transcribed regions in response

to short-term (environmental) and long-term (genetic)

changes.

Results

We assessed genome-wide transcriptional response to genetic

variation in Saccharomyces cerevisiae by profiling transcripts

in 48 meiotic products (segregants) of an S288c/YJM789

hybrid strain (Figure 1A, Materials and methods and

Supplementary Table S1). These segregants, among which

genetic variation is shuffled by recombination, allowanalysing

transcriptome response to regulatory variation, keeping

environment constant. We also analysed environmentally

induced gene expression changes (keeping regulatory

variation constant) across the main laboratory growth condi-

tions of yeast (ethanol, galactose and glucose media,

Figure 1B; Xu et al, 2009). Data were collected on high-

resolution tiling arrays that measure strand-specific transcript

levels genome-wide with 8-bp resolution (David et al,
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2006). Observed transcripts (Materials and methods, Supple-

mentary Tables S2 and S3) were classified as ORF-transcripts

(ORF-Ts) when they mainly overlapped coding genes in the

same orientation, and as SUTs when they mainly derived from

unannotated genomic regions either antisense to genes or from

intergenic regions (the term stable indicates that they are

detected in wild-type cells as opposed to mutants of the

exosome in accordance with our earlier definition; Xu et al

(2009), Materials and methods). For legibility, we will use the

terms ORF-Tand gene interchangeably. In total, 613 (12%) of

the ORF-Ts overlapped a SUT on the other strand (antisense

transcript) in the segregant data set (Supplementary Table S4),

and 474 (9%) in the environmental data set. The data set

and expression plots for the whole genome are available in

a searchable web database (http://steinmetzlab.embl.de/

ASresponse).

As a control for our quantitation of sense and antisense

transcript levels, we verified that the expression levels of

transcripts in sense–antisense pairs were not significantly

lower when estimated using the tiling array probes of

the region of overlap than using the probes outside

this region. These data show that any potential competition

during hybridization between probes and antisense transcripts

did not affect our level measurements (Supplementary

Figure S1). Overall, ORF-Ts had much higher expression

levels than antisense transcripts (B5.9-fold betweenmedians,

Po2�10�16, Wilcoxon rank-sum test). Furthermore, the

larger number of genes with antisense transcripts found in

the genetic data set is in agreement with our previous

observation of more variation in SUT expression observed

between the two parental strains than across changes in

growth conditions (Xu et al, 2009).

Expression characteristics of genes with

antisense transcripts

Notably, expression variation in response to our genetic and

environmental changes was larger for genes with antisense

transcripts than for genes without (Figure 2A and B,

Po2�10�16 and P¼6�10�12, respectively, Wilcoxon rank-

sum test). Higher variability was also observed at evolutionary

scales. Genes with antisense showed higher expression

divergence across 5 yeast species (Tirosh et al, 2006;

Figure 2C, P¼4�10�12, one-tailed Wilcoxon rank-sum test

here and in the following unless specified). Furthermore,

larger variability between cells in a single population (i.e.,

cell-to-cell variability; Newman et al, 2006) was observed

for protein abundance of genes with antisense (Figure 2D,

P¼2�10�4). All these observations on gene expression

variability are reminiscent of properties of the TATA-box

(Lopez-Maury et al, 2008), but remained significant when

controlling for the presence of a TATA-box in gene promoters

(Supplementary Figure S2, Materials and methods). These

results indicate that, at different scales, antisense expression

associates with a larger dynamic range of gene expression, and

this association is independent of the increased expression

variability known for TATA-containing genes (Lopez-Maury

et al, 2008).

A larger dynamic range could be the result of lower minimal

levels or higher maximal levels. Across the segregants, genes

with antisense showed a notable depression at the lower end of

their expression range, but almost no difference in the high

range, compared with genes without antisense (Figure 2E).

Similar observations on an independent strand-specific RNA-

sequencing data set (Yassour et al, 2010) confirmed that these

results are not an artefact due to saturation of the microarray
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Figure 1 Genome-wide transcriptional response to genetic and environmental variations. (A) Four examples of sense–antisense transcript pairs (three anti-correlated
and one positively correlated). Expression data are displayed along the chromosome (x axis) for the Watson (W, upper half) and the Crick (C, lower half) strands.
Normalized signal intensities (higher in dark) are shown for 24 out of 48 segregants, randomly selected and ordered (y axis). Vertical red lines represent inferred
transcript boundaries. Genome annotations are shown in the center: annotated ORFs (blue boxes), their mapped UTRs (dashed grey lines), SUTs (orange boxes)
and transcript start sites (arrows). (B) Expression data along 15 kb of chromosome VIII across three replicates each for yeast grown in synthetic complete media
with glucose (SDC), rich media with galactose (YPGal) and with ethanol (YPE); and three rows (summarizing nine replicates) for yeast grown in rich media with glucose
(YPD; Xu et al, 2009).
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signals (Supplementary Figure S3 and Supplementary infor-

mation). Specifically, genes with an antisense transcript

had minimal levels significantly lower than genes without

antisense (Figure 2F, Po2�10�16). A large fraction of these

per-gene minimum levels were consistent with no expression,

that is, with microarray signal in the background range

(18% for genes with antisense versus 5% for genes without,

Po2�10�16, one-sided Fisher test, see Materials and

methods). In contrast, maximal expression levels were similar

for both classes of genes (Figure 2G). Analogous behaviour

was observed for the growth condition data (Supplementary

information).

One interpretation of these observations is that antisense

inhibits sense expression particularly at low levels of sense

expression and that such inhibition is relaxed when sense

expression is high. Another interpretation, although not in

contradiction with the former, is that sense represses antisense

expression and thus antisense is more easily expressed when

sense expression is low—an interpretation that is perhaps in

favour of a non-functional role of non-coding RNAs (Struhl,

2007). To find further support for a role (or lack thereof) of

antisense expression in sense regulation, we examined the

position of sense–antisense overlap.

The distributions of the 30 end positions of either sense

or antisense transcripts peaked slightly beyond the trans-

cription start sites (TSS) of each other (98±45 and 77±19 bp,

respectively, Figure 3A and Materials and methods). Thus, the

typical arrangement of sense–antisense pairs involves an

overlap of both promoter regions. In addition, variability of

sense gene expression depended on the presence of this

TSS overlap. Among genes with an antisense transcript, genes

with an overlapped TSS showed larger expression variance

across segregants and environmental conditions (Figure 3B,

Po2�10�16 and P¼4�10�5, respectively), larger expression

divergence across species (P¼4�10�5) and larger cell-to-cell

variability (P¼0.09; Supplementary Figure S4). Also, among

the 282 genes of which the TSSwas overlapped by an antisense

transcript, 26% were switched off in at least one of the

segregants, compared with only 11% of the 331 that were not

overlapped at the TSS (P¼1�10�6, Fisher test). Hence, the

effects on sense gene expression depended strongly on the

overlap of the antisense transcript at the position of sense

transcript initiation, favouring a model in which antisense

expression affects sense expression.

Taken together, the genomic data support a model in

which antisense expression induces a threshold-dependent

or ultrasensitive (Koshland et al, 1982) on-off switch on sense

gene regulation. This model proposes that in the absence of

activation of the sense promoter, antisense expression

switches off low, basal sense expression. In response to a
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Figure 2 Antisense expression associates with larger gene expression variability. (A–D) Expression variability of ORF-Ts with or without antisense. (A) Mean of the
log2 expression standard deviation across all segregants and (B) across environmental conditions, (C) mean of the expression divergence across five yeast species as
provided by Tirosh et al (2006) and (D) mean of cell-to-cell protein expression variability (DM as provided by Newman et al (2006)) for ORF-Ts without antisense (blue)
and ORF-Ts with antisense (red). Error bars indicate standard error of the mean. The number of ORF-Ts in each category is shown below the bar. (E) Q-Q plots of
expression levels of ORF-Ts with and without antisense. The Q-Q plot compares two distributions by plotting for every quantile the two corresponding expression values
against each other (expression level for ORF-Ts without antisense (x axis) against those for ORF-Ts with antisense (y axis)). Two data sets with the same distribution
would align on the diagonal (grey line). ORF-Ts with antisense have lower expression levels (below the diagonal, bottom left) for the small quantiles, and similar
expression levels for the large quantiles (top right). The shade around the curve (black line) represents bootstrap standard deviation (Materials and methods). (F, G)
Smoothed histograms (distribution density estimates) of minimum (F) and maximum (G) expression values across the 48 segregants for ORF-Ts with antisense (red)
and without (blue). Vertical line at x¼0 indicates our threshold for calling a transcript expressed.
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sufficiently activating stimulus on the sense promoter, sense

expression turns on and antisense inhibition is relaxed.

Validating the model

Elements of this model are supported by mechanistic studies.

For example, experiments that block antisense expression

have demonstrated an increase of sense expression for PHO84

(Camblong et al, 2007), IME4 (Hongay et al, 2006), KCS1

(Nishizawa et al, 2008) and GAL10 (Houseley et al, 2008;

Pinskaya et al, 2009) showing that antisense expression

represses sense expression. Analysis of data that we have

published previously (Xu et al, 2009) reveals that in a mutant

of RRP6, a component of the exosome machinery, in which the

degradation of non-coding RNAs is impaired, 76 of 174 (44%)

genes were repressed upon increased RNA levels of an

antisense transcript that proceeded through their TSS (Materi-

als and methods). This is significantly larger than the 25% of

downregulated genes among those that lacked an antisense

transcript (Fisher exact test, P¼3�10�8), bolstering an

argument for the inhibitory role of antisense in the regulation

of multiple genes.

At high levels of gene expression, the effect of antisense

appears reduced. The strength of a highly active gene promoter

may override inhibitory effects exerted by antisense expres-

sion. In addition, reciprocal inhibition could explain the

relaxation of inhibition at higher levels, where high sense

expression inhibits antisense expression. Consistent with this,

our sense–antisense overlap analysis showed an enrichment

of sense transcripts overlapping the antisense promoter

region. We also observed a significant enrichment for anti-

correlation within sense–antisense pairs across conditions (Xu

et al, 2009) and segregants, compared with random pairs of

sense and antisense transcripts (Materials and methods,

Po2�10�16, Supplementary Figure S5 and Figure 1A for

particular instances). Moreover, anti-correlation is stronger

not only for pairs with overlap of the sense–TSS but also for

those where only the antisense TSS is overlapped (compared

with pairs with neither TSS overlapped, P¼2�10�7 and

6�10�7, respectively). Finally, an inhibitory function of sense

on antisense expression has been demonstrated for IME4,

where overexpression of the sense was shown to reduce

antisense expression (Hongay et al, 2006). These data suggest

that sense expression could display an inhibitory function on

antisense expression.

So far, the threshold mediated on-off switch on gene

regulation has not been directly tested. We tested this

hypothesis on SUR7, a gene that has not been investigated

for its antisense-mediated regulation before. SUR7 ex-

hibits both high and low levels of expression in two

distinct conditions, and its antisense transcript (SUT719) can

be disrupted without altering the sequence of the sense

transcript.

In galactose media, SUT719 is expressed antisense to SUR7

and extends beyond the SUR7 TSS (Figure 4A). SUR7 is a gene

of uncharacterized function and has been reported to be

strongly downregulated in response to stimulation by a-factor

pheromone (Roberts et al, 2000). We observed that SUR7 is

highly expressed in standard galactose media and is below

detectable levels upon a-factor stimulation, whereas the

antisense remains highly expressed in both conditions

(Figure 4A). SUT719 expression was disrupted without

affecting the sequence of the SUR7 RNA by deleting the Gal4

binding site of the SUT719 promoter (Materials and methods).

In agreement with our model, when disrupting antisense

expression, expression of SUR7 could be detected upon

a-factor stimulation with a large increase compared with wild

type (4.5-fold above background), whereas a moderate

increase of expression was observed in the absence of a-factor

(1.2-fold, Figure 4B). The possibility of a GAL80-mediated
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feedback responsible for the upregulation of SUR7 was ruled

out by an experiment in which a drug-selectable cassette was

inserted between the end of the SUR7 transcript and the Gal4

binding site. Both experiments yielded the same conclusion on

SUR7 regulation, whereas the latter had no effect on GAL80

expression (Supplementary Figure 6, Materials and methods).

These experiments demonstrate that antisense expression

leads to threshold-dependent regulation on SUR7 sense

expression by specifically inhibiting sense expression when

it is induced at low levels.
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Spreading of regulatory signals

To obtain further support for antisense-mediated regulation,

we examined neighbouring genes linked by non-coding RNAs.

Specifically, we addressed the effect of bidirectional promoters

on the regulation of tandem genes. Co-expression and

functional correlation between adjacent genes have been

observed (Cohen et al, 2000). Interleaved transcription

(Kapranov et al, 2007) is a natural mechanism for building

connections between adjacent genes. We have previously

shown that antisense transcripts typically originate from

bidirectional promoters shared with divergent genes (Xu

et al, 2009). Combined with our current findings on antisense

function, bidirectional transcription provides a possible

mechanism for how the expression regulation of adjacent

genes could be linked. In such an arrangement, exemplified by

the SUR7–GAL80 pair, a gene is under the control of its

upstream promoter as well as a downstream promoter shared

by an antisense and a downstream tandem gene (Figure 4A).

The antisense of SUR7, SUT719, initiates from the same

nucleosome-depleted region as GAL80. SUT719 responds to

changes in sugar source, being expressed in galactose, but not

in glucose, media. Its response is co-regulated with that of

GAL80. In support of this, the deletion of the Gal4 binding site

in the shared bidirectional promoter reduces the expression of

both GAL80 and SUT719 (Figure 4A). In addition, we observed

a complex pattern of expression of SUR7 responding both to

sugar source changes and to stimulation by a-factor pher-

omone. SUR7 reaches high expression without a-factor in

glucose and slightly lower levels in galactose. In the presence

of a-factor, SUR7 shows low levels of expression in glucose and

is below array-detection levels in galactose (Figure 4A, wild

type). Strikingly, when SUT719 expression is disrupted, SUR7

is no longer repressed after shifting from glucose to galactose

media (Figure 4C), showing that the response of SUR7 to

galactose is mainly mediated by SUT719 expression. Together,

these results indicate that regulatory signals impinging on the

GAL80 promoter also affect the expression of the upstream

gene, SUR7, by the regulated expression of an antisense

transcript from the bidirectional promoter (Figure 4D).

The possibility that regulatory signals can spread across

neighbouring loci by ncRNA expression, as shown here,

stresses the importance of gene order and genomic organiza-

tion (Kapranov et al, 2007). Because antisense expression can

actually repress expression of sense genes, the relation is likely

to be more complex than simple positive co-expression

patterns within chromosomal domains as previously reported

(Cohen et al, 2000; Ebisuya et al, 2008). Consistent with this,

correlations between tandem gene pairs in the segregant data set

are significantly smaller if the promoter of the downstream gene

initiates a transcript antisense to the upstream gene, as in the

SUR7–GAL80 configuration (Supplementary Figure S7, median

correlation 0.17 and 0.22, respectively, P¼6�10�5, Wilcoxon

rank test). These data support the hypothesis of antisense-

mediated gene regulation between neighbouring loci.

Discussion

We have shown that antisense expression can induce thresh-

old dependent gene regulation, by repressing sense expression

particularly in the low range, whereas this inhibition is relaxed

when sense expression is high. This enables an on-off switch

on gene expression for antisense-containing genes, which

leads to greater expression variability for antisense-containing

genes. One simple possible mechanism for reduced inhibition

at high levels is that reciprocal inhibition of sense on antisense

relaxes the inhibition of antisense on sense expression

(Figure 5). We have also shown that antisense expression

initiated from bidirectional promoters can spread regulatory

signals between neighbouring genes.

Our results underline the regulatory potential of the down-

stream region of a gene as a possible promoter of an antisense

transcript. Hence, cloning the canonical region of a gene,

defined by the promoter, the ORF and its UTRs, might not

capture thewhole local regulation if the cloned region does not

include the possible antisense and its promoter. Similarly,

computational predictions of cis-regulatory elements should

include the 30 region of genes.

Although sense–antisense pairs were enriched in anti-

correlated expression patterns, we also observed a large

proportion of positively or non-correlated expression pairs.

Interestingly, all groups showed evidence of threshold-

dependent ultrasensitive regulation (Supplementary Figure

S8 and Material and methods). For example, for the 61

antisense transcripts with (approximately) constant levels of

expression, the levels of their sense partners were reduced

throughout the whole range (Supplementary Figure S8, green

curve), which agrees with antisense-mediated inhibition, but

with a weaker effect on the high range of sense expression.

Consistent with this, higher variability was observed for all

classes, but is more pronounced for the anti-correlated pairs.

Overall, these observations support that the ultrasensitive

regulation of gene expression induced by antisense is

strengthened in the presence of, although not dependent on,

anti-correlated sense–antisense expression behaviour.

Furthermore, we note that the correlation coefficients are

usually small; that is, a change of antisense expression is not

always accompanied by a change of sense expression or vice

versa suggesting that the main driving force of sense

expression change is not antisense expression. Instead, the

effect of antisense is more likely to be fine-tuning with a

stronger effect on the low range than the high range of gene

expression.

( )

Figure 5 Model of antisense-mediated regulation. The sense gene (red
dashed line, coding sequence as blue box) and the antisense SUT (green
dashed line) typically extend beyond the TSS of each other. In the absence of
sufficiently strong activating signals on the sense promoter, the antisense is
expressed and inhibits sense expression (left T-shaped arrow). Upon activation
of the sense promoter, the inhibition from the antisense SUT is relaxed, possibly
through reciprocal inhibition of sense on antisense expression (right T-shaped
arrow). This leads to threshold behaviour of gene regulation, where the gene is
switched-off unless activation reaches a certain threshold.
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Across the segregants, 110 antisense-containing genes

appeared switched off in at least one of the segregants

(B2% of all genes). Assuming that antisense transcripts

overlapping sense TSS exert a regulatory role, the total number

of genes that could be affected by antisense expression is 282

(B 5.5% of all genes). This covers about half of all antisense

transcripts we detected. Nevertheless, due to the limited number

of segregants and conditions that we profiled, the number of

genes that are regulated by antisense could be larger.

It is not clear from the genomic data alone how, mechan-

istically, antisense expression exerts its role on sense expres-

sion. Our data cannot discriminate between a role of the

antisense transcript or of the act of antisense transcription

itself. Our analysis of sense–antisense overlap configuration

supports an effect at the promoter level, but this could involve

a variety of mechanisms. Silencing of the sense promoter

through histone modifications induced by antisense transcript

elongation has previously been suggested in the case of the

GAL10 gene (Houseley et al, 2008; Pinskaya et al, 2009). Also,

pausing of RNA polymerases (transcribing a sense gene) on

the promoter of an antisense transcript has been shown in

Escherichia coli and suggested as a mediator of sense–anti-

sense inhibition (Palmer et al, 2009).

Which gene categories benefit from antisense-mediated

regulation? Condition-specific genes are more subject to

transcriptional variability than housekeeping genes, as cells

tune gene expression to activate cellular processes that

respond to genetic and environmental changes. In our data,

genes with antisense are depleted in essential genes (Materials

and methods, P¼1�10�11) yet enriched for environmental

stress–response (Gasch et al, 2000; Materials and methods,

P¼1�10�6) and plasma membrane genes (enrichment screen

for Gene Ontology categories, Materials and methods,

P¼8�10�5), which function in sensing and responding to

external environmental signals. In addition, we showed

increased expression variability between cells in a clonal

population for genes with antisense expression. This varia-

bility could be advantageous within a population where cell-

specific expression patterns enable some cells to be in an

‘anticipatory’ state for a sudden environmental change (Wyk-

off et al, 2007). Also along evolutionary time, a species may

benefit from amplifying the regulatory impact of mutations for

condition-specific genes, as opposed to growth-related genes.

This would allow exploring transcriptional states beneficial to

unforeseen changes (Lopez-Maury et al, 2008). Thus, anti-

sense-mediated threshold regulation could provide a simple

mechanism for short-term and long-term adaptation.

Notably, genes with antisense were more frequently

switched off. Guaranteeing a gene to be off might be most

important for genes whose qualitative presence (as opposed to

quantitative abundance) can commit a cell into cell fate-

altering transcriptional programmes. This is the case for IME4,

whose expression has been shown to be determined by an

antisense transcript that controls the entry into meiosis by

repressing IME4 in haploid cells (Hongay et al, 2006). Notably,

transcription factors were enriched for genes with antisense

expression (19% compared with 13% for other genes, P¼0.02,

Materials and methods). This supports the hypothesis that

antisense-mediated switching off is important for controlling

cell fate decisions.

If the observed enrichment of antisense expression among

condition-specific genes is the result of natural selection, one

can ask whether this is exerted by a positive selection for

the presence of antisense in condition-specific genes, or by

stronger negative selection against antisense expression for

essential genes. A recent deep sequencing study (Yassour et al,

2010) identified about 1100 genes with antisense expression in

rich media. In agreement with our observations, these are

enriched for stress–response and condition-specific genes and

tend to show opposite patterns of regulation than their

antisense counterparts when profiled in the relevant condi-

tions. Following a handful of cases across 5 yeast species, this

study showed conservation of antisense expression and of

anti-correlation. This provides further support to a conserved

functional role of antisense expression and regulation.

As antisense expression is a universal feature of eukaryotic

genomes (Kapranov et al, 2007), our results in yeast may

generalize to higher eukaryotes. The non-coding RNA tran-

scriptome is more complex in humans, nevertheless we

observed that genes with an antisense show larger variance

across five human cell lines (He et al, 2008; Materials and

methods, Supplementary Figure S9, P¼8�10�6). Thus, anti-

sense-mediated threshold regulation of genes could be an

ancient mechanism to enhance gene expression response to

genetic and environmental variation.

Materials and methods

Data availability

Raw array data are available from ArrayExpress (http://www.ebi.
ac.uk/arrayexpress) under accession numbers E-TABM-845 and
E-TABM-1096. The data set and expression plots for the whole genome
are available in a searchable web database (http://steinmetzlab.
embl.de/ASresponse).

Strains and media

The segregant data set consists of 48 of the 184 segregants from
Mancera et al (2008), derived from a cross of S. cerevisiae strains S96
(MATa ho:: lys5 gal2) and YJM789 (MATa ho::hisG lys2 gal2)
(Supplementary Table S1). The segregants were grown to mid-
exponential phase (OD600B1.0) in YPD (2% peptone, 1% yeast
extract, 2% dextrose). Strains for the sense–antisense experiments of
SUR7 were constructed in a S288c bar1D background. The antisense
transcript, SUT719, was disrupted by Gal4 binding site deletion or by
KanMX cassette integration. For the binding site deletion, the Gal4
binding site between SUR7 and GAL80 (chromosome 13, 171422–
171438) was excised applying the Cre/loxP recombination system,
leaving two adjacent loxP sites with 72 bp instead of the binding site.
For the cassette integration, a KanMx cassette was integrated at
position 171376 on chromosome 13, encoded on the crick strand,
which lies between the Gal4 binding site and the end of the SUR7
transcript. To collect RNA for expression profiling, these strains were
cultured either in YPD or YPGal (2% peptone, 1% yeast extract, 2%
galactose) to mid-exponential phase (OD600B0.5–0.7) and split into
two halves. To one half, a-factor (Zymo Research, cat. Y1001) was
added to a final concentration of 1.5 nM, the other half served as a
control. Then, strains were grown for two additional hours until they
reached mid-exponential phase (OD600B1.0).

Sample preparation

All strains were collected from 100ml of complex media at mid-
exponential phase (OD600B1.0). Total RNAwas isolated by a standard
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hot phenol method. Poly(A) RNA was isolated from 2.5mg of total
RNA by using the Oligotex mRNA Maxi kit (Qiagen). Each sample of
poly(A) RNA was treated with RNase-free DNaseI using Turbo DNA-
free kit (Ambion). For first-strand cDNA synthesis, 9 mg of poly(A)
RNAwas mixed with 4.5mg of random hexamers, 0.09 mg of oligo(dT)
primer and incubated at 701C for 10min, then transferred on ice. The
synthesis included 2000 units of SuperScript II Reverse Transcriptase,
50mM Tris–HCl, 75mM KCl, 3mM MgCl2, 0.01M DTT, dNTPþdUTP
mix (0.25mM for dCTP, dATP and dGTP; 0.2mM for dTTP and
0.05mM for dUTP, Invitrogen), 6.25mg/ml actinomycin-D in a total
volume of 200ml at 421C for 1 h. Samples were then subjected to RNase
treatment of 20min at 371C (30 units RNase H, Epicentre, 60 units of
RNase Cocktail, Ambion). First-strand cDNA was purified using the
MinElute PCR purification kit (Qiagen), and 4.5mg were fragmented
and labelled using the GeneChip WT Terminal labelling kit (Affyme-
trix) according tomanufacturer’s protocol. The labelled cDNA samples
were denatured in a volume of 300ml containing 50pM control
oligonucleotide B2 (Affymetrix) and Hybridization mix (GeneChip
Hybridization, Wash and Stain kit, Affymetrix), of which 220ml were
hybridized per array (S. cerevisiae yeast tiling array, Affymetrix, PN
520055). Hybridizations were carried out at 451C for 16 h with
60 r.p.m. rotation. The staining was carried out using the GeneChip
Hybridization,Wash and Stain kit with fluidics protocol FS450_0001 in
an Affymetrix fluidics station.

Genome sequence and annotation

The genome annotation (.gff file) for S288c was obtained from the
Saccharomyces Genome Database on 19th August 2009. The sequence
for YJM789 was obtained from Wei et al (2007) and aligned to the
S288c genome using the procedure described therein (Wei et al, 2007).

Array data analysis

Arrays profiled for segregant strains were normalized with S288c
genomic DNA as reference (Huber et al, 2006; Supplementary Table
S1). Only the probes matching exactly and uniquely to both S288c and
YJM789 genome and at the same alignment position were considered.
The normalized data were jointly segmented based on the alignment
between S288c and YJM789 using a segmentation algorithm (Huber
et al, 2006), and the automatically identified segments were curated
using a custom web interface (Xu et al, 2009). This defined the set of
manually curated transcripts for the segregant data set (Supplemen-
tary Table S2 and Supplementary Information for transcript boundary
accuracy assessment). For each transcript and each segregant,
expression level was estimated by the midpoint of the shorth (shortest
interval that covers half the values) of the normalized probe intensities
lying within the transcript (Supplementary Table S3). The expression
level cut-off for calling a transcript expressed was obtained using the
same procedure as previously described (David et al, 2006). Briefly, the
distribution of backgroundmicroarray signal intensities was estimated
from the intensities of the probes outside transcript boundaries. The
cut-off for an intensity to be significantly above background was then
set at an estimated FDR of 0.05. For the growth condition data set,
transcript boundaries and levels were taken from Xu et al (2009),
restricting to SUTs and ORF-Ts expressed in the media YPD, YPGal,
YPE and SDC. Every reported transcript was expressed in at least one
condition of the environmental data set or in one segregant of the
segregant data set.

Transcript categorization

The manually curated transcripts were overlapped with genome
annotation features and classified as (1) SUT, if they did not overlap
with existing annotation; (2) ORF-T, if they overlapped with a verified
or uncharacterized ORF; (3) other, otherwise. Antisense SUTs were
defined as SUTs that overlapped with an ORF-T. Sense ORF-Ts were
defined as ORF-Ts with at least one overlapping antisense SUT
(Supplementary Tables S2 and S4). For transcripts on the condition
data, we used the categorization of Xu et al (2009).

Expression divergence across yeast species

We used expression divergence of yeast ORFs as provided by Tirosh
et al (2006). All analyses on expression divergencewere done using the
transcript annotation defined on the segregant data set.

Cell-to-cell variability

Weused cell-to-cell protein expression variability asmeasured by theDM
coefficient provided by Newman et al (2006) for the YPD condition. All
analyses of cell-to-cell protein expression variability were done using the
transcript annotation defined on the condition data set.

Effects of antisense controlling for the presence

of a TATA-box

The list of genes with a TATA-box was obtained from Basehoar et al
(2004). We modelled each measure (gene expression variance across
conditions and segregants, expression divergence across yeast species
and cell-to-cell variability) with an ANOVAmodel as the sum of an effect
contributed by antisense if present and an effect contributed by the TATA-
box if present (linearmodelwith no interaction). Statistical significance of
the effect of the antisense being not 0 was tested by the t-test.

Overlap configuration

All analyses on overlap configurations were performed using the
transcript annotation defined on the segregant data set. For each
sense–antisense pair, the distance of the 30 end of the sense ORF
transcript relative to the TSS of the antisense-SUT (positive if the 30

UTR extends beyond the TSS, negative otherwise) was computed,
and similarly for the 30 end of the antisense-SUT. The peak of the
distribution of each of these two values (Figure 3A, upper and
rightmost panels) was estimated by the midpoint of the shorth
(shortest interval containing half of the values). Standard deviations
for the peak positionwere computed by bootstrapping the cases a 1000
times using the R package ‘boot’.

Enrichment for anti-correlation

Random sense–antisense pairings were generated by reshuffling the
antisense transcripts, keeping the sense transcripts fixed. Enrichment
or depletion for anti-correlation (negative Pearson’s correlation
coefficients) in the actual data set compared with the random was
tested using the two-sided Fisher test.

Differential expression between rrp6 mutant and

wild type

Statistical significance for differential expression between rrp6 mutant
andwild typewas tested using limma (Smyth et al, 2003) and followed
by Storey’s q-value correction (Storey and Tibshirani, 2003) with a
false discovery rate of 0.05. The sense–antisense pairs here are defined
using both SUT and CUT annotation as described before (Xu et al,
2009).

Tandem gene pairs

Genes in a tandem pairs were defined as consecutive ORF-Ts on the
same strand separated by o3 kb.

Ultrasensitivity behaviour as a function of

expression correlation between sense and

antisense

Sense–antisense pairs were tested for significant positive or negative
correlation (Pearson’s correlation coefficient, false discovery rate
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o0.05 using Storey’s method; Storey and Tibshirani, 2003). We
defined as ‘variable’ the transcripts with a standard deviation in the
top 50%. ORF-Ts with antisense were split into four groups: the anti-
correlated ones (165 cases, 27%), the positively correlated ones (108,
18%, e.g., SUT_SY0655), those with no significant correlation but
a variable antisense (279, 45%, e.g., SUT_SY0338) and those with
no significant correlation and a not variable antisense (61, 10%,
e.g., SUT_SY0117).

Gene ontology analysis

The P-value of the Fisher test for every cellular component term of the
Gene Ontology (Ashburner et al, 2000), followed by a Holm correction
for multiple testing (family-wise error rate), was computed with the
software Ontologizer (Bauer et al, 2008) using the combined set of ORFs
with an antisense in either the segregant data set or the condition data
set. The same was carried out for the biological process terms and the
molecular function terms.We usedGeneOntology annotations obtained
from the Saccharomyces Genome Database on 22 October 2009.

Other gene categories

We used environmental stress-induced ORFs as provided by Gasch
et al (2000). ORFs were classified as transcription factors if in the set of
transcription factors defined by Harbison et al (2004). Essential ORFs
were obtained from the Stanford yeast deletion project (http://www-
sequence.stanford.edu/group/yeast_deletion_project/). Enrichment
analysis was performed using the combined set of ORFs with an
antisense in either the segregant data set or the condition data set.

Variability across human cell lines

For strand-specific RNA-seq in human cell lines, we used the counts of
distinct reads per gene locus provided by He et al (2008) and Ensembl
transcript annotation as of March 2008. For each experiment and for
each gene, an approximately variance-stabilized measure of expres-
sion level was obtained as the square root of the normalized read
number, itself defined as the number of reads divided by the gene
length and by the library size (total number of unique reads in the
experiment). Expression for each cell line was obtained as the median
across technical replicates. The antisense expression value was
similarly computed for the same gene boundaries using the reads
mapping to the opposite strand. We called an antisense detected if its
normalized read number was greater than 2 divided by the median
gene length and the median library size. (Two antisense reads is the
cut-off used in the original study for reporting antisense expression).
To control for remaining expression level effect on the variance (not
removed by the approximate variance stabilization), genes with at
least onemapped readwere grouped by expression level into 10 bins of
equal size (Supplementary Figure S9). We then modelled expression
variance as the sum of an effect contributed by antisense if present and
an effect contributed by the expression bin (linear model with no
interaction). Statistical significance of the effect of the antisense being
not 0 was tested by the t-test.

Supplementary information

Supplementary information is available at the Molecular Systems
Biology website (www.nature.com/msb).
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