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Using high-throughput technologies, abundances and other features of genes and proteins have been measured on a
genome-wide scale in Saccharomyces cerevisiae. In contrast, secondary structure in 59–untranslated regions (UTRs) of
mRNA has only been investigated for a limited number of genes. Here, the aim is to study genome-wide regulatory
effects of mRNA 59-UTR folding free energies. We performed computations of secondary structures in 59-UTRs and their
folding free energies for all verified genes in S. cerevisiae. We found significant correlations between folding free
energies of 59-UTRs and various transcript features measured in genome-wide studies of yeast. In particular, mRNAs
with weakly folded 59-UTRs have higher translation rates, higher abundances of the corresponding proteins, longer
half-lives, and higher numbers of transcripts, and are upregulated after heat shock. Furthermore, 59-UTRs have
significantly higher folding free energies than other genomic regions and randomized sequences. We also found a
positive correlation between transcript half-life and ribosome occupancy that is more pronounced for short-lived
transcripts, which supports a picture of competition between translation and degradation. Among the genes with
strongly folded 59-UTRs, there is a huge overrepresentation of uncharacterized open reading frames. Based on our
analysis, we conclude that (i) there is a widespread bias for 59-UTRs to be weakly folded, (ii) folding free energies of 59UTRs are correlated with mRNA translation and turnover on a genomic scale, and (iii) transcripts with strongly folded
59-UTRs are often rare and hard to find experimentally.
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importance of RBPs in many cellular processes through
post-transcriptional regulation of mRNAs [5–7]. Translation
of the majority of mRNAs depends on cap-dependent
ribosomal scanning of 59-UTRs [8], and this process is
inﬂuenced by features of 59-UTRs. For example, ribosomal
scanning is severely hampered by 59-UTRs containing start
codons or secondary structure [9–15].
The purpose of mRNA degradation is 2-fold: to regulate
transcript abundance and to destroy faulty transcripts.
Degradation of mRNA in yeast occurs via 59 to 39 exonucleotic, 39 to 59 exonucleotic, and endonucleotic pathways
[16–19]. Regulation of transcript abundance via the exonucleotic pathways occurs by ﬁrst shortening the poly(A) tail
followed either by removal of the 59 cap, resulting in rapid 59
to 39 degradation, or by degradation from the 39 end without
prior decapping [18,20]. The dual importance of the cap

Introduction
Regulation of gene expression is important for many
cellular processes. Numerous studies have focused on the
transcriptional level to investigate under what conditions a
gene is transcribed and to what extent. These investigations
have led to descriptions of system architectures, in which the
activity of speciﬁc transcription factors regulates the activity
of downstream target genes in such a way that the combined
activity results in large developmental or physiological
programs. In recent years, such descriptions have beneﬁted
from DNA microarray technology, which has provided overall
mRNA levels for many systems. However, much less is known
about the system architecture of regulation of gene expression at the post-transcriptional level, including regulation of
mRNA subcellular localization, stability, and translation rate.
mRNA consists of three parts: a 59–untranslated region
(UTR) beginning with a 7-methyl-guanosine cap, a coding
region, and a 39-UTR ending in a poly(A) tail (Figure 1A).
UTRs of mRNAs are known to be a crucial part of posttranscriptional regulation [1]. In yeast, the exact lengths of 59and 39-UTRs are unknown for most genes. Mignone et al. [1]
estimated the average lengths for yeast as 134 nucleotides (nt)
for 59-UTRs and 237 nt for 39-UTRs. Later, Hurowitz and
Brown [2] performed genome-wide measurements of total
transcript lengths and calculated the average combined 59and 39-UTR length to be 260 nt. Cis-acting sequence motifs in
39-UTRs can interact with speciﬁc RNA-binding proteins
(RBPs) to direct subcellular localization [3] and stability [4] of
mRNAs. DNA microarrays have also enabled a growing body
of work on global analysis of RBPs that supports the
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Synopsis
In cells, proteins are made from messenger RNA copied from genes
in the DNA. The amount of each protein needs to be controlled by
cells. For this purpose, cells use a strategy that includes decomposing RNA and varying the number of proteins made from each RNA.
One part of the RNA molecule is called the 59–untranslated region
(UTR), and it is known that this region can fold into a threedimensional structure. For some genes, such structures are
important for protein production. In this article, structures in 59UTRs are calculated for all genes in the yeast Saccharomyces
cerevisiae. The authors show that structures in 59-UTRs likely play a
role in RNA decomposition and protein production for many genes
in the genome: RNA molecules with weakly folded 59-UTRs live
relatively longer and produce more proteins. This study provides an
example of how genome-wide computational analysis complements
experimental results.

structure, for translation initiation and 59 to 39 mRNA decay,
has led to the hypothesis that there is a competition between
translation and decay for access to the cap [13,20,21].
Transcripts with 59-UTRs that hamper their translation often
encode for proteins that need to be strongly and ﬁnely
regulated, such as growth factors, transcription factors, and
proto-oncogenes [14], suggesting that 59-UTRs are sometimes
structured in a way to prevent harmful overproduction of
regulatory proteins. Indeed, some diseases are caused by
mutations in 59-UTRs [22,23]. In agreement with this picture,
proteins involved in the regulation of dynamic cellular
processes such as transcription, signal transduction, cell cycle
control, and metabolism have long UTRs [2].
To our knowledge no one has found genome-wide
associations between secondary structure in 59-UTRs and
mRNA half-life, translation rates, or other transcript features.
For example, Bernstein et al. [24] performed a genome-wide
experiment of mRNA decay in Escherichia coli and found no
association to secondary structure in UTRs. To study the
regulatory effects of secondary structure in UTRs, we
performed genome-wide computations of secondary structures and their folding free energies in 59-UTRs for 5,888
veriﬁed genes in Saccharomyces cerevisiae. The folding free
energy is the difference in free energy between the unfolded
and folded state. For a given mRNA length, a lower folding
free energy corresponds to a more stable secondary structure.

We analyzed associations between folding free energies and
various transcript features including translation and decay
rates. One result of our analysis is that low folding free energy
of 59-UTRs is, on average, associated with low translation
rates and high transcript turnover, in concordance with
previous results for single genes (e.g., [13]). We also found that
59-UTRs on average are more weakly folded than random
sequences with the same dinucleotide frequencies, and than
intergenic, coding, and 39-UTR sequences. Strikingly, genes
with unknown function were enriched among genes with
strongly folded 59-UTRs.

Results
Folding Free Energies of 59-UTRs
To investigate secondary structure in 59-UTRs, we used the
Vienna RNA package [25] to compute secondary structures
and the corresponding free energy changes for folding (DG).
The lower DG is, the more strongly folded is the secondary
structure. Using 59-UTRs of length 50 nt, the average DG was
4.3 kcal/mol (standard deviation [SD] ¼ 2.9 kcal/mol) for the
5,888 open reading frames (ORFs) investigated. The range of
DG was from 18.1 kcal/mol to 0 kcal/mol. The lowest value of
DG, 18.1 kcal/mol, was obtained for the gene YBR296C-A,
whose computed 59-UTR secondary structure is illustrated in
Figure 1B. There were 231 59-UTRs with folding free energies
below 10 kcal/mol. These thermodynamically most stable
structures had on average 12.9 base pairs (SD ¼ 2.2), i.e., more
than half of the bases were typically paired. Their average
GC-content was 47% (SD ¼ 7%). The structures were mostly
hairpins similar to Figure 1B with unpaired bases in internal
or bulge loops or at the ends of the sequences, but also
structures containing two hairpins were found. There were
727 59-UTRs with folding energies above 1 kcal/mol. These
59-UTRs formed minimum free energy structures having on
average 2.6 base pairs (SD ¼ 3.0) and their average GCcontent was 29% (SD ¼ 7%).

Folding Free Energies of Other Genomic Regions
Folding free energies were computed for three control
groups, all containing 5,888 sequences of length 50 nt. The
ﬁrst group consisted of randomly chosen sequences from
intergenic regions and had an average DG of 5.4 kcal/mol
(SD ¼ 3.4 kcal/mol). The second group consisted of the ﬁrst 50
nt of the 39-UTR of each ORF and had an average DG of 4.5
kcal/mol (SD ¼ 3.1 kcal/mol). The third group consisted of the
50 nt located after the start codon of each ORF and had an
average DG of 6.3 kcal/mol (SD ¼ 3.2 kcal/mol). The free
energies of the 59-UTRs were signiﬁcantly higher than those
of the three other groups (39-UTR: p , 3 3 104, intergenic: p
, 2 3 1070, coding: p , 3 3 10253; Mann–Whitney U test).
Figure 2A shows cumulative distributions of all free energies
for the four groups.

Folding Free Energies of Randomized Sequences
The free energy of secondary structure in RNA is highly
dependent on nucleotide composition. A base pair stacking
term that depends on dinucleotides contributes to the free
energy. We obtained the free energy contributions for each of
the 16 possible dinucleotides from Xia et al. [26]. We
calculated the dinucleotide frequencies in the four groups
of sequences and used the dinucleotide energy contributions

Figure 1. Structure of Yeast mRNA
(A) The mRNA has a tripartite structure consisting of a 59-UTR, a coding
region, and a 39-UTR. CRE, cis-acting regulatory element; m7G, 7-methylguanosine cap; SS, secondary structure.
(B) The computed minimum free energy secondary structure for the 59UTR of the gene YBR296C-A.
DOI: 10.1371/journal.pcbi.0010072.g001
PLoS Computational Biology | www.ploscompbiol.org
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Figure 2. Folding Free Energies of 59-UTRs
(A) Cumulative distributions of folding free energies, DG, are shown for 5,888 ORFs for 59-UTRs (50 nt upstream of the ORF; solid line), 39-UTRs (50 nt
downstream of the ORF; dashed-dotted line), coding sequences (50-nt sequences following downstream of the start codon of each ORF; dotted line),
and 5,888 sequences of length 50 nt selected randomly from intergenic regions (dashed line).
(B) Distribution of Z-scores for 59-UTRs of 5,888 ORFs. Each 59-UTR sequence was shuffled 100 times and a Z-score was calculated for each to compare
the folding free energy of the native sequence to the shuffled sequences. A histogram of these Z-scores is shown together with a standard normal
distribution (dashed line).
DOI: 10.1371/journal.pcbi.0010072.g002

mol as compared to 4.3 kcal/mol for the native sequences. Zscores were calculated to compare the folding free energy of
each 59-UTR with the free energies of its randomized
sequences. 59-UTRs with positive Z-scores had higher folding
free energies than the average of their randomized sequences
and are therefore thought to have less secondary structure.
We found an overabundance of 59-UTRs with positive Zscores (Figure 2B). The mean value of the Z-scores was 0.050
(standard error of the mean [SEM] ¼ 0.013), which is
signiﬁcantly different from zero (p , 104; t-test). Also 58%
of the 5,888 ORFs had a positive Z-score, which is signiﬁcantly
more than expected by chance (p , 3 3 1035).

as weights in a weighted average of the dinucleotide
frequencies. This calculation gave us a rudimentary measure
for the contribution to the free energies coming from
dinucleotide composition without actually folding the structures. The weighted dinucleotide composition for the four
groups was 1.74 kcal/mol for 39-UTRs, 1.81 kcal/mol for 59UTRs, 1.81 kcal/mol for intergenic sequences, and 1.95
kcal/mol for coding sequences. The dinucleotides with lowest
free energy are GC, CC, GG and CG, so GC-content is an even
simpler measure for the relative contribution of nucleotide
composition to the free energy. The GC-content of the four
groups was 31% for 39-UTRs, 34% for 59-UTRs, 34% for
intergenic sequences, and 40% for coding sequences.
Interestingly, the two measures are in perfect agreement.
We checked whether the folding free energies of 59-UTRs
were not only higher than for the other groups of sequences,
but also different from what was expected from 59-UTR
dinucleotide composition [27]. For this purpose, we used a
dinucleotide shufﬂing algorithm [28,29]. Native 59-UTR
sequences were shufﬂed 100 times each, and minimum free
energies were calculated for all randomized sequences. The
mean free energy of the randomized sequences was 4.4 kcal/

Folding Free Energies of 59-UTRs and Transcript Features
We investigated the correlation between DG and the
ribosome density measured by Arava et al. [30]. We observed
a small but signiﬁcant correlation (Figure 3). The Pearson
correlation was 0.12, with an associated p-value of 3 3 1016.
Beyer et al. [31] argue that it is preferable to deﬁne ribosome
density as the number of ribosomes divided by transcript
length instead of ORF length. They provide a processed
dataset of such ribosome densities, and these densities had a
Pearson correlation of 0.09 (p , 1010) with DG. Likewise,

Figure 3. Comparison between Ribosome Densities and Folding Free Energies of 59-UTRs
(A) Scatter plot of mRNA ribosome density and folding free energy of the 59-UTR (DG) for 5,888 ORFs.
(B) ORFs were grouped based on the change in free energy (DG). For each energy group, the average ribosome density (6SEM) is shown. From left to
right, the number of ORFs in each energy group used to calculate the average density was 573, 796, 1,214, 1,438, and 1,187.
DOI: 10.1371/journal.pcbi.0010072.g003
PLoS Computational Biology | www.ploscompbiol.org
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Figure 4. Comparison between mRNA Half-Lives and Folding Free Energies of 59-UTRs
(A) Scatter plot of mRNA half-life and folding free energy of the 59-UTR (DG) for 5,888 ORFs.
(B) ORFs were grouped based on the folding free energy (DG). For each energy group, the average mRNA half-life (6SEM) is shown. From left to right,
the number of ORFs in each energy group used to calculate the average density was 467, 657, 982, 1,169, and 983.
DOI: 10.1371/journal.pcbi.0010072.g004

signiﬁcance was calculated for the correlation between GCcontent and a transcript feature. Second, signiﬁcance was
calculated for free energy being correlated to the transcript
features after subtraction of the GC-content effect. For
ribosome density, we obtained p ¼ 5 3 104 for GC-content
and p , 5 3 1014 for free energy. For mRNA half-life, we
obtained p , 1015 for GC-content and p , 0.004 for free
energy. For the combined protein abundance dataset [31], we
obtained p , 2 3 1012 for GC-content and p , 0.0002 for free
energy. Similar results were obtained when correcting for
weighted dinucleotide composition instead of for GC-content.

using mRNA half-lives measured by Wang et al. [32], we
observed a small but signiﬁcant correlation between DG and
mRNA half-lives (Figure 4). The Pearson correlation was 0.10
(p , 3 3 1010). We also found signiﬁcant correlations
between DG on the one hand and ribosome occupancy, the
number of ribosomes bound on the transcript, the mRNA
copy number, and protein abundance on the other hand
(Table 1). To avoid potential pitfalls in the assumptions used
to calculate p-values for Pearson correlations, we also
calculated Spearman rank correlations. We observed similar
results for both correlation measures (Table 1). In contrast to
our results for 59-UTRs, we found no signiﬁcant correlations
between folding free energies of 39-UTRs and transcript
features.
As expected, we observed a large correlation between DG
and GC-content for the 59-UTRs. The Pearson correlation was
0.48 (p , 3 3 1016). To rule out that our observed correlations
between DG and transcript features were merely a consequence of GC-content, we investigated whether DG was
correlated with the transcript features independently of GCcontent. We regressed the transcript features as a function of
GC-content and free energy in a multivariate model. First,

Fast and Slowly Decaying Genes
In order to check whether the relations between various
transcript features depended on the half-life of the mRNA,
we designated the 1,013 genes with a half-life below 13 min as
fast decaying, and the 1,058 genes with a half-life above 33
min as slowly decaying. These cutoffs were chosen to get
closest to, and above, 1,000 genes. The only correlations
between DG and any of the other nine transcript features in
Table 1 that changed signiﬁcantly (p , 0.001) were with
half-life and heat shock: in the fast decaying group of genes,
DG and half-life had a correlation of 0.06, which is
signiﬁcantly different from their correlation of 0.10 among
all genes (p , 8 3 107). Similarly in the fast decaying group of
genes, DG and heat shock had a correlation of 0.01, which is
signiﬁcantly different from their correlation of 0.10 among
all genes (p , 6 3 104).

Table 1. Correlations between Secondary Structure in 59-UTRs
and Transcript Features
DG versus

Pearson
Correlation

Ribosome density [30]
0.12
Ribosome density [31]
0.09
Ribosome occupancy [30] 0.12
Number of ribosomes [30] 0.07
Half-life [32]
0.10
Decay ratio [39]
0.05
Heat shock (5 min) [46]
0.10
mRNA copy number [30]
0.11
Protein abundance [47]
0.08
Protein abundance [48]
0.10
Protein abundance [31]
0.10
ORF length
0.01

(p
(p
(p
(p
(p
(p
(p
(p
(p
(p
(p
(p

Genesa

Spearman
Correlation

, 3 3 1016) 0.13
, 1010)
0.13
, 3 3 1016) 0.12
, 7 3 108) 0.07
, 3 3 1010) 0.08
, 7 3 104) 0.05
, 9 3 1013) 0.08
, 5 3 1016) 0.11
, 3 3 104) 0.12
, 3 3 1010) 0.15
, 5 3 1011) 0.16
¼ 0.50)
0.05

(p
(p
(p
(p
(p
(p
(p
(p
(p
(p
(p
(p

,
,
,
,
,
,
,
,
,
,
,
,

3
3
3
2
4
5
5
8
2
3
3
2

Correlation between Decay and Translation
3
3
3
3
3
3
3
3
3
3
3
3

1016)
1016)
1016)
106)
108)
104)
108)
1016)
108)
1016)
1016)
104)

It has been argued that translational efﬁciency of a
transcript is a determinant of mRNA half-life: decreased
translation leads to decreased half-life. Evidence for this
model has come from yeast strains either mutated in
translation initiation factors [33] or with translation of
individual mRNAs inhibited [13]. To see whether such an
effect is present globally in yeast without such modiﬁcations,
we calculated the correlations between half-life on the one
hand and ribosome density and ribosome occupancy on the
other hand. We found a small, but signiﬁcant, correlation
among all genes. However, for the fast decaying genes the
correlations were much stronger, especially between half-life
and ribosome occupancy, for which the correlation was 0.24
(Figure 5).

5,208
5,576
5,208
5,208
4,258
5,530
4,849
5,158
2,038
3,840
4,212
5,888

a

The number of ORFs used in the calculation of the correlations.
DOI: 10.1371/journal.pcbi.0010072.t001
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Figure 5. Correlations between Decay and Translation Rates
Pearson correlations together with corresponding p-values are shown for mRNA half-life versus (A) ribosome density and (B) ribosome occupancy. ORFs
were, depending on mRNA half-life, grouped into all ORFs, 1,058 slowly decaying ORFs with t1/2  33 min, and 1,013 fast decaying ORFs with t1/2  13 min.
DOI: 10.1371/journal.pcbi.0010072.g005

Gene Ontology Analysis

bound transcripts. We obtained the lists of bound transcripts for the RBPs Yra1, Mex67 [6], and for ﬁve members
of the Puf family [7]. Furthermore, we identiﬁed all the
genes whose 39-UTR contained the consensus motifs for
Puf3p, Puf4p, and Puf5p. For each of these ten gene sets,
we examined whether there was a signiﬁcant difference in
the number of fast decaying genes relative to slowly
decaying genes, and whether there was a signiﬁcant difference in the number of genes having strongly folded 59UTRs relative to genes with weakly folded 59-UTRs (Table
3). The most signiﬁcant associations were that transcripts
bound by Puf3p, Puf4p, and Puf5p were fast decaying. The
Puf3p, Puf4p, and Puf5p motifs conﬁrm this picture. The
most signiﬁcant associations with folding free energy were
that Mex67 and Yra1 preferentially bind transcripts with
weakly folded 59-UTRs.

To see whether folding free energies of 59-UTRs were
associated with functional annotations, we mapped the 5,888
genes to 3,678 Gene Ontology (GO) categories [34]. The genes
were ranked according to DG in both increasing and
decreasing order, and a Wilcoxon rank sum test was
employed for each GO category [35]. The signiﬁcant
categories, using a very stringent p-value cutoff of 108,
corresponding to a Bonferroni corrected cutoff of 4 3 105,
are listed in Table 2. Among genes with strongly folded 59UTRs, three categories were signiﬁcant and no other
categories were close to being this signiﬁcant. Remarkably,
these three categories were ‘‘molecular function unknown,’’
‘‘biological process unknown,’’ and ‘‘cellular component
unknown.’’ Among genes with weakly folded 59-UTRs, 12
categories were signiﬁcantly overrepresented. Chief among
these were categories related to retrotransposons.

RNA-Binding Proteins
Afﬁnity tagging of RBPs followed by microarray hybridizations has been used to obtain genome-wide lists of

Table 3. Number of RBP Targets and Sequence Motifs Found in
All mRNAs, mRNAs with Fast and Slow Decay Rates, and mRNAs
with Strongly and Weakly Folded 59-UTRs

Table 2. GO Terms Overrepresented among Genes with Strongly
and Weakly Folded 59-UTRs
Category

GO Term

Strongly folded Molecular function unknown
59-UTRs
Biological process unknown
Cellular component unknown
Weakly folded Retrotransposon nucleocapsid
59-UTRs
Ty3 element transposition
Ty element transposition
Apoptosome
Spore wall
Cell septum edging
Extracellular matrix (sensu Magnoliophyta)
BRE binding
Localization
Cell tip
RNA-directed DNA polymerase activity
Silicate metabolism

p-Value

RBP or Total Fasta Slowb p-Valuec
Motif

Genesa

Puf1p
Puf2p
Puf3p
Puf3p
motif
Puf4p
Puf4p
motif
Puf5p
Puf5p
motif
Mex67
Yra1

7 3 1010 2,213
109 1,615
2 3 109
892
94
1018

3
2
2
2
3
3
3
3
8

3
3
3
3
3
3
3
3
3

1018
95
1015 108
1014 368
94
1012
1012
94
94
1012
1011 283
10
10
4,218
109 4,968
109
51
109 2,896

51
167
220
193

9
35
51
42

9
26
21
12

1
0.2
2 3 104
105

4
19
47
38

13
40
29
31

0.05
0.008
0.03
0.4

205
206

98
75

10
9

,3 3 1016
2 3 1015

27
19

38
37

0.2
0.02

224
77

61
20

13
5

2 3 109
0.002

46
17

30
12

0.06
0.4

1,140
1,002

184
151

198
203

154
139

209
196

0.003
0.002

0.8
0.01

a

Of 1,013 ORFs with t1/2  13 min.
Of 1,058 ORFs with t1/2  33 min.
The probability that the difference between the fast and slow gene sets is by chance (Fisher’s exact test).
d
Of 1,015 ORFs with DG  7.1.
e
Of 1,035 ORFs with DG  1.4.
f
The probability that the difference between the gene sets with strongly and weakly folded 59-UTRs is by chance
(Fisher’s exact test).
DOI: 10.1371/journal.pcbi.0010072.t003
b
c

a

Number of genes in the GO category.
DOI: 10.1371/journal.pcbi.0010072.t002
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difference in folding free energies between coding regions and
59-UTRs (Figure 2A), even though GC-content probably is more
important for this difference. Our results indicate that there
has been evolutionary selection for 59-UTRs to be weakly folded
and suggest that folding free energy might be used as one
probabilistic component of a gene prediction program.
In line with our observation that 59-UTRs tend to be weakly
folded is our ﬁnding that uncharacterized ORFs are overrepresented among the genes with strongly folded 59-UTRs.
Assuming that uncharacterized genes typically are expressed
at low levels or under rare conditions, or even are
pseudogenes, this ﬁnding hints at a larger selective pressure
for absence of secondary structure for commonly or highly
expressed genes. Conﬁrming this picture is our ﬁnding that
59-UTR folding free energy is signiﬁcantly positively correlated with mRNA copy number and protein abundance (see
Table 1). Since we only investigated veriﬁed genes, we could
look into the source of the veriﬁcation of the genes with
strongly folded 59-UTRs. The 59-UTR of the gene YBR296C-A
(see Figure 1B) has the secondary structure with the lowest
free energy of all genes, and is annotated as unknown in GO.
Remarkably, this gene has only one literature reference, in
which Kumar et al. [37] describe an approach for ﬁnding
overlooked genes in yeast. Of the 137 new genes reported by
Kumar et al., 41 are annotated as veriﬁed in the Saccharomyces
Genome Database (SGD). Ten of these 41 genes have a free
energy below 10 kcal/mol, which is signiﬁcantly more genes
than expected by chance (p ¼ 4 3 106, Fisher’s exact test).
The three most signiﬁcant GO categories among the genes
with weakly folded 59-UTRs were related to Ty element
retrotransposons (see Table 2). Ty element retrotransposons
are stretches of DNA that replicate and move in the genome
through RNA intermediates [38]. The Ty elements contain
various genes in their sequences, e.g., proteases, integrases, and
reverse transcriptases. The fact that they have weakly folded 59UTRs suggests that folding of their RNA is detrimental to their
function or integration in the genome. Interestingly, Ty
elements showed up in a study of RNA half-life where different
methods of transcriptional inhibition were compared [39]. The
RNA transcripts whose stability differed most between rpb1–1
inhibition on the one hand and Thiolutin, 1,10-phenanthroline, and 6-azauracil on the other hand were predominantly Ty
elements. It may be worth investigating whether there is a
connection between this difference in transcript stability and
the lack of 59-UTR secondary structure.
We found that 59-UTR folding free energy was signiﬁcantly
positively correlated with both translational activity and
mRNA half-life (see Table 1). These correlations were still
signiﬁcant after correction for GC-content, indicating that
the correlations are not simply a secondary effect caused by
nucleotide frequencies. Parker and colleagues showed that
the insertion of secondary structures into the 59-UTR of
PGK1 yeast mRNA inhibited translation and stimulated decay
of PGK1 [13]. Together, these ﬁndings suggest a widespread
use of 59-UTR secondary structure in post-transcriptional
regulation. Our correlations may not be caused by any
biochemical mechanism, e.g., transcripts of one evolutionary
origin could have both strongly folded 59-UTRs and low
translation rates, whereas transcripts of another evolutionary
origin could have weakly folded 59-UTRs and high translation
rates. Nevertheless, we believe that the correlations do reﬂect
more direct connections. Our ﬁndings may be explained by

Table 4. Pearson Correlations between Ribosome Density and
DG in 59-UTRs of Length 50, 100, and 200 nt
Length of 59-UTR (nt)

Correlation

p-Value

50
100
200

0.12
0.08
0.02

,3 3 1016
,4 3 109
0.15

DOI: 10.1371/journal.pcbi.0010072.t004

Comparison with Longer Upstream Regions
The 59-UTRs of yeast genes vary in length. In this study, we
used the 50 nt upstream of the start codon as a representation of the 59-UTR. Since 50 nt is shorter than many 59-UTRs,
we also used 100- and 200-nt 59-UTRs for comparison. The
correlation between DG and ribosome density decreases for
longer regions, but is still signiﬁcant for 100 nt (Table 4).
Similar behavior was observed for other transcript features.

Discussion
We carried out genome-wide computations of secondary
structures in 59-UTRs of mRNA in yeast, and correlated 59UTR folding free energy with various other transcript features.
We chose somewhat arbitrarily to fold sequences of length 50
nt upstream of the coding start, because these sequences are
almost certainly inside the 59-UTR. We also folded 100- and
200-nt sequences, and had similar but weaker results (Table 4).
Folding of RNA is somewhat local in sequence: when folding
100- or 200-nt upstream sequences, the last 50 nt were typically
computed to fold into the same structure as when the 50-nt
upstream sequences were folded. Translation has been shown
to be most sensitive to secondary structure close to the 59 end
of mRNA [12]. Hence, we think that the weaker results
obtained for longer upstream sequences reﬂect an increase
of sequence spanning genomic DNA not being transcribed,
and not that secondary structure close to the translation start
is most important for the transcript features we have
investigated. We used 59-UTRs of ﬁxed length to avoid
comparing free energies for sequences of different lengths.
Bernstein et al. [24] used predicted UTRs for each gene in E.
coli and found no association between secondary structure in
UTRs and mRNA half-life. Our different ﬁndings may be due
to differences between pro- and eukaryotes, or difﬁculties in
comparing UTRs of different length.
To compare 59-UTRs with other genomic regions, 50-nt
sequences from intergenic regions, coding regions, and 39UTRs were also folded. These three sets of sequences had
signiﬁcantly lower free energies than the 59-UTR sequences (see
Figure 2A). The folding free energy of RNA depends on both
nucleotide composition and the order of the nucleotides. The
nucleotide composition, quantiﬁed both by GC-content and
weighted dinucleotide composition, was similar in 59-UTRs and
intergenic regions, indicating that the difference in free
energies between these groups is due to nucleotide order.
Indeed, the 59-UTRs had higher folding free energies than
random sequences with the same dinucleotide composition
(Figure 2B). In contrast, yeast coding regions have lower folding
energies than randomized sequences preserving the encoded
protein, the codon usage, and the dinucleotide composition
[36]. This opposite behavior is in agreement with the huge
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signiﬁcant correlations we have found are small, showing that
folding of 59-UTRs is, as expected, only one aspect of posttranscriptional regulation. However, the correlations may be
larger in subgroups of mRNAs, such as mRNAs targeted by
individual decay pathways [44] and speciﬁc RBPs [45]. An
example of a larger correlation in a subgroup is our
observation that translational activity and mRNA decay are
highly correlated for mRNAs with short half-lives.

an inhibitory effect of 59-UTR secondary structure on
translation initiation combined with competition between
translation and decay. However, more direct biochemical
pathways preferentially degrading mRNA with 59-UTR
secondary structure might also exist. Early support for the
inhibitory effect of 59-UTR secondary structure on translation came from insertion of hairpin loops into 59-UTRs
[9,10]. Later studies have shown connections between mRNA
59 secondary structure and proteins important for translation
such as eIF4A [15]. Competition between translation and
decay has been proposed because both may require cap
access [20,33]. Moreover, during translation the mRNA is
circularized through interactions between cap-binding translation initiation factors and the poly(A)-binding protein
(PABP). This conformation presumably protects mRNA from
degradation by preventing access to both the cap and the
poly(A) tail, suggesting that also the poly(A) tail is important
for competition [17]. We expected that such competition
would be more easily seen for short-lived transcripts because
degradation takes up a larger part of their lives. Indeed, our
global analysis revealed that transcript half-life is positively
correlated with both ribosome density and ribosome occupancy, in particular for short-lived transcripts (see Figure 5).
A major mediator of heat shock response is mRNA decay
[40], and the mRNA decay proﬁle is similar to the heat
response [39]. In line with these observations, we found a
positive correlation between 59-UTR free energy and mRNA
response to heat shock (Table 1), i.e., transcripts with weakly
folded 59-UTRs are, in addition to being relatively long-lived,
relatively upregulated after a heat shock. Given that transcripts that are upregulated by heat shock have weakly folded
59-UTRs, it is expected that they would be translated at
relatively high rates. Indeed, the correlation between ribosome occupancy and relative upregulation 10 min after heat
shock was 0.23 (p , 2 3 1060; similar for 5 min). Of interest,
the heat shock mRNA Hsp90 in Drosophila has extensive
secondary structure in its 59-UTR. Hsp90 translation is
inefﬁcient at normal growth temperature, and is activated
by heat shock, perhaps by thermal destabilization of the
secondary structure in the 59-UTR [41]. It may be worthwhile
to perform genome-wide protein abundance experiments of
heat shock response to investigate whether preferential heat
shock translation is a common mechanism.
We assessed whether transcripts associated with RBPs, or
with sequence motifs associated with these RBPs in their 39UTRs, were over- or underrepresented among fast decaying
transcripts or among transcripts with strongly folded 59-UTRs.
Puf proteins are known to enhance mRNA turnover or repress
translation [42]. We found targets of Puf3p, Puf4p, and Puf5p
proteins to be signiﬁcantly associated with fast decay, extending an earlier study [43]. Perhaps of interest, we note that the
three Puf proteins for which Gerber et al. identiﬁed sequence
motifs [7] were associated with fast decaying transcripts, while
the remaining two Puf proteins, as well as Mex67 and Yra1,
instead tended to be associated with weakly folded 59-UTRs.
To summarize, we found that (i) 59-UTRs have higher folding
free energies than other genomic regions and than expected
from their nucleotide composition, (ii) secondary structures in
59-UTRs likely play a role in mRNA translation and turnover
on a genomic scale, and (iii) genes with strongly folded 59UTRs are generally rarer, harder to ﬁnd experimentally, and
less annotated. It is important to keep in mind that the highly
PLoS Computational Biology | www.ploscompbiol.org

Materials and Methods
Untranslated regions. The exact 59- and 39-UTR lengths are
unknown for most yeast genes. Mignone et al. [1] estimated the
average lengths for yeast as 134 nt for 59-UTRs and 237 nt for 39-UTRs.
With these numbers in mind, we retrieved 50, 100, and 200 nt of
predicted 59-UTRs and 237 nt of predicted 39-UTRs from SGD for the
5,888 ORFs annotated as veriﬁed in SGD. As three additional control
groups of 50-nt sequences, we retrieved nt 4–53 downstream (the ﬁrst
50 nt following the start codon) for each of the 5,888 ORFs, the ﬁrst 50
nt of the 39-UTR region for each of the 5,888 ORFs, and 5,888
randomly chosen 50-nt sequences from intergenic regions from SGD.
Folding of RNA secondary structures. We used the RNAfold
program in the Vienna RNA package [25] with default values for
parameters (T ¼ 37 8C) to compute secondary structures from RNA
sequences. For each sequence, we used the free energy of the
minimum free energy structure (the most negative DG) as a measure
for secondary structure formation. For a given sequence, there may
be other structures with similar DG, but we are interested in the
possible free energy change in folding and not the secondary
structure itself. A low DG corresponds to a strongly folded UTR,
while a high DG corresponds to a weakly folded UTR. To avoid any
pitfalls with using the free energy of the most strongly folded
structure for each sequence, we also performed our analysis using the
ensemble free energies [25], and none of the conclusions presented in
this study changed. In fact, the correlations were typically somewhat
more signiﬁcant using ensemble averages. The free energies for all
5,888 genes are available in Dataset S1.
Transcript feature datasets. Translation proﬁles measured by Arava
et al. [30] were downloaded from http://genome-www.stanford.edu/
yeast_translation/. From this dataset, the number of bound ribosomes,
the ribosome density (number of ribosomes per unit ORF length), and
the ribosome occupancy (the fraction of the transcripts engaged in
translation) were extracted for 5,700 genes, together with the mRNA
copy number for 5,643 genes. Half-lives for 4,687 genes measured by
Wang et al. [32] were downloaded from http://genome-www.stanford.
edu/turnover/. A second dataset of mRNA half-lives for 6,092 genes [39]
was obtained from http://hugheslab.med.utoronto.ca/Grigull/. For this
dataset, the decay ratios 5 min after temperature shift of the rpb1–1
strain were used. Changes in transcript abundance in cells responding
to heat shock for 5,259 genes measured by Gasch et al. [46] were
downloaded from http://www-genome.stanford.edu/yeast_stress/. A
dataset containing protein abundance information for 2,044 genes,
constructed by Greenbaum et al. [47] by merging publicly available
two-dimensional electrophoresis and MudPit data, was downloaded
from http://bioinfo.mbb.yale.edu/expression/prot-v-mrna. Another dataset containing protein abundance information for 1,669 genes was
obtained from the experiment by Ghaemmaghami et al. [48]. A merger
of these two protein abundance datasets was obtained from Beyer et al.
[31], along with a set of ribosome densities normalized by transcript
length instead of ORF length.
Dinucleotide shufﬂing. Each native 59-UTR sequence was shufﬂed
100 times keeping the dinucleotide frequencies constant using a
publicly available implementation [28] of an algorithm developed by
Altschul and Erickson [29]. For each 59-UTR, the mean and the SD of
the free energies of its randomized sequences were calculated. A Zscore was deﬁned for each 59-UTR as the free energy of the native
sequence minus the mean of its randomized sequences divided by the
SD of its randomized sequences [49].
Statistical analysis. Pearson correlations, Spearman rank correlations, Fisher’s exact tests on 2 3 2 contingency tables, Mann–Whitney
U tests, t-tests, and corresponding p-values were calculated using the
statistics package R [50]. For Pearson correlations, p-values were
calculated as the probability of obtaining a better correlation by
chance if the two vectors were drawn independently from a Gaussian
distribution. The multivariate linear model was done in R as well, and
p-values were obtained with the ANOVA test of a linear model. All pvalues were two-sided.
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GO analysis. The 5,888 genes were mapped to 3,678 GO categories
[34] using annotations from SGD. The genes were ranked according
to DG in both increasing and decreasing order, separately, and a
Wilcoxon rank sum test was employed for each GO category using
Catmap [35]. Catmap outputs p-values calculated as the probability
that a random ordering of the genes produces a lower, or equally low,
Wilcoxon rank sum as the ordering investigated. The p-values were
multiplied with the number of categories (3,678) to obtain Bonferroni
corrected p-values.

Dataset S1. Calculated Folding Free Energies for All 5,888 Genes
Found at DOI: 10.1371/journal.pcbi.0010072.sd001 (487 KB TDS).

We thank Peter Johansson and Kasper Astrup Eriksen for valuable
discussions, three anonymous reviewers for helpful suggestions, and
Peter Schuster for giving a talk that inspired us to enter the world of
RNA folding. This work was in part supported by the Swedish
Research Council and the Knut and Alice Wallenberg Foundation
through the Swegene consortium.
Competing interests. The authors have declared that no competing
interests exist.
Author contributions. MR and MK conceived and designed the
experiments, performed the experiments, analyzed the data, and
&
wrote the paper.

References
1. Mignone F, Gissi C, Liuni S, Pesole G (2002) Untranslated regions of
mRNAs. Genome Biol 3: REVIEWS0004.
2. Hurowitz EH, Brown PO (2003) Genome-wide analysis of mRNA lengths in
Saccharomyces cerevisiae. Genome Biol 5: R2.
3. Jansen RP (2001) mRNA localization: Message on the move. Nat Rev Mol
Cell Biol 2: 247–256.
4. Bashirullah A, Cooperstock RL, Lipshitz HD (2001) Spatial and temporal
control of RNA stability. Proc Natl Acad Sci U S A 98: 7025–7028.
5. Keene JD, Tenenbaum SA (2002) Eukaryotic mRNPs may represent
posttranscriptional operons. Mol Cell 9: 1161–1167.
6. Hieronymus H, Silver PA (2003) Genome-wide analysis of RNA-protein
interactions illustrates speciﬁcity of the mRNA export machinery. Nat
Genet 33: 155–161.
7. Gerber AP, Herschlag D, Brown PO (2004) Extensive association of
functionally and cytotopically related mRNAs with Puf family RNA-binding
proteins in yeast. PLoS Biol 2: e79. DOI: 10.1371/journal.pbio.0020079
8. Kozak M (1989) The scanning model for translation: An update. J Cell Biol
108: 229–241.
9. Pelletier J, Sonenberg N (1985) Insertion mutagenesis to increase secondary
structure within the 59 noncoding region of a eukaryotic mRNA reduces
translational efﬁciency. Cell 40: 515–526.
10. Baim SB, Sherman F (1988) mRNA structures inﬂuencing translation in the
yeast Saccharomyces cerevisiae. Mol Cell Biol 8: 1591–1601.
11. Kozak M (1987) An analysis of 59-noncoding sequences from 699 vertebrate
messenger RNAs. Nucleic Acids Res 15: 8125–8148.
12. Kozak M (1989) Circumstances and mechanisms of inhibition of translation
by secondary structure in eucaryotic mRNAs. Mol Cell Biol 9: 5134–5142.
13. Muhlrad D, Decker CJ, Parker R (1995) Turnover mechanisms of the stable
yeast PGK1 mRNA. Mol Cell Biol 15: 2145–2156.
14. van der Velden AW, Thomas AAM (1999) The role of the 59 untranslated
region of an mRNA in translation regulation during development. Int J
Biochem Cell Biol 31: 87–106.
15. Svitkin YV, Pause A, Haghighat A, Pyronnet S, Witherell G, et al. (2001) The
requirement for eukaryotic initiation factor 4A (elF4A) in translation is in
direct proportion to the degree of mRNA 59 secondary structure. RNA 7:
382–394.
16. Muhlrad D, Decker CJ, Parker R (1994) Deadenylation of the unstable
mRNA encoded by the yeast MFA2 gene leads to decapping followed by 59
to 39 digestion of the transcript. Genes Dev 8: 855–866.
17. Wilusz CJ, Wormington M, Peltz SW (2001) The cap-to-tail guide to mRNA
turnover. Nat Rev Mol Cell Biol 2: 237–246.
18. Mata J, Marguerat S, Bahler J (2005) Post-transcriptional control of gene
expression: A genome-wide perspective. Trends Biochem Sci 30: 506–514.
19. Parker R, Song H (2004) The enzymes and control of eukaryotic mRNA
turnover. Nat Struct Mol Biol 11: 121–127.
20. Tucker M, Parker R (2000) Mechanisms and control of mRNA decapping in
Saccharomyces cerevisiae. Annu Rev Biochem 69: 571–595.
21. de la Cruz BJ, Prieto S, Schefﬂer IE (2002) The role of the 59 untranslated
region (UTR) in glucose-dependent mRNA decay. Yeast 19: 887–902.
22. Kozak M (2002) Emerging links between initiation of translation and
human diseases. Mamm Genome 13: 401–410.
23. Pickering BM, Willis AE (2005) The implications of structured 59
untranslated regions on translation and disease. Semin Cell Dev Biol 16:
39–47.
24. Bernstein JA, Khodursky AB, Lin PH, Lin-Chao S, Cohen SN (2002) Global
analysis of mRNA decay and abundance in Escherichia coli at single-gene
resolution using two-color ﬂuorescent DNA microarrays. Proc Natl Acad
Sci U S A 99: 9697–9702.
25. Hofacker IL, Fontana W, Stadler PF, Bonhoeffer S, Tacker M, et al. (1994)
Fast folding and comparison of RNA secondary structures. Monatsh Chem
125: 167–188.
26. Xia T, SantaLucia JJ, Burkard ME, Kierzek R, Schroeder SJ, et al. (1998)
Thermodynamic parameters for an expanded nearest-neighbor model for
formation of RNA duplexes with Watson-Crick base pairs. Biochemistry 37:
14719–14735.

27. Workman C, Krogh A (1999) No evidence that mRNAs have lower folding
free energies than random sequences with the same dinucleotide
distribution. Nucleic Acids Res 27: 4816–4822.
28. Clote P, Ferre F, Kranakis E, Krizanc D (2005) Structural RNA has lower
folding energy than random RNA of the same dinucleotide frequency. RNA
11: 578–591.
29. Altschul SF, Erickson BW (1985) Signiﬁcance of nucleotide sequence
alignments: A method for random sequence permutation that preserves
dinucleotide and codon usage. Mol Biol Evol 2: 526–538.
30. Arava Y, Wang Y, Storey JD, Liu CL, Brown PO, et al. (2003) Genome-wide
analysis of mRNA translation proﬁles in Saccharomyces cerevisiae. Proc Natl
Acad Sci U S A 100: 3889–3894.
31. Beyer A, Hollunder J, Nasheuer HP, Wilhelm T (2004) Post-transcriptional
expression regulation in the yeast Saccharomyces cerevisiae on a genomic scale.
Mol Cell Proteomics 3: 1083–1092.
32. Wang Y, Liu CL, Storey JD, Tibshirani RJ, Herschlag D, et al. (2002)
Precision and functional speciﬁcity in mRNA decay. Proc Natl Acad Sci U S
A 99: 5860–5865.
33. Schwartz DC, Parker R (1999) Mutations in translation initiation factors
lead to increased rates of deadenylation and decapping of mRNAs in
Saccharomyces cerevisiae. Mol Cell Biol 19: 5247–5256.
34. Harris MA, Clark J, Ireland A, Lomax J, Ashburner M, et al. (2004) The Gene
Ontology (GO) database and informatics resource. Nucleic Acids Res 32:
258–261.
35. Breslin T, Edén P, Krogh M (2004) Comparing functional annotation
analyses with Catmap. BMC Bioinformatics 5: 193.
36. Katz L, Burge CB (2003) Widespread selection for local RNA secondary
structure in coding regions of bacterial genes. Genome Res 13: 2042–2051.
37. Kumar A, Harrison PM, Cheung KH, Lan N, Echols N, et al. (2002) An
integrated approach for ﬁnding overlooked genes in yeast. Nat Biotechnol
20: 58–63.
38. Kim JM, Vanguri S, Boeke JD, Gabriel A, Voytas DF (1998) Transposable
elements and genome organization: A comprehensive survey of retrotransposons revealed by the complete Saccharomyces cerevisiae genome
sequence. Genome Res 8: 464–478.
39. Grigull J, Mnaimneh S, Pootoolal J, Robinson MD, Hughes TR (2004)
Genome-wide analysis of mRNA stability using transcription inhibitors and
microarrays reveals posttranscriptional control of ribosome biogenesis
factors. Mol Cell Biol 24: 5534–5547.
40. Lindquist S (1981) Regulation of protein synthesis during heat shock.
Nature 293: 311–314.
41. Ahmed R, Duncan RF (2004) Translational regulation of Hsp90 mRNA.
AUG-proximal 59-untranslated region elements essential for preferential
heat shock translation. J Biol Chem 279: 49919–49930.
42. Wickens M, Bernstein DS, Kimble J, Parker R (2002) A PUF family portrait:
39UTR regulation as a way of life. Trends Genet 18: 150–157.
43. Graber JH (2003) Variations in yeast 39-processing cis-elements correlate
with transcript stability. Trends Genet 19: 473–476.
44. He F, Li X, Spatrick P, Casillo R, Dong S, et al. (2003) Genome-wide analysis
of mRNAs regulated by the nonsense-mediated and 59 to 39 mRNA decay
pathways in yeast. Mol Cell 12: 1439–1452.
45. Tenenbaum SA, Carson CC, Atasoy U, Keene JD (2003) Genome-wide
regulatory analysis using en masse nuclear run-ons and ribonomic proﬁling
with autoimmune sera. Gene 317: 79–87.
46. Gasch AP, Spellman PT, Kao CM, Carmel-Harel O, Eisen MB, et al. (2000)
Genomic expression programs in the response of yeast cells to environmental changes. Mol Biol Cell 11: 4241–4257.
47. Greenbaum D, Colangelo C, Williams K, Gerstein M (2003) Comparing
protein abundance and mRNA expression levels on a genomic scale.
Genome Biol 4: 117.
48. Ghaemmaghami S, Huh WK, Bower K, Howson RW, Belle A, et al. (2003)
Global analysis of protein expression in yeast. Nature 425: 737–741.
49. Seffens W, Digby D (1999) mRNAs have greater negative folding free
energies than shufﬂed or codon choice randomized sequences. Nucleic
Acids Res 27: 1578–1584.
50. Ihaka R, Gentleman R (1996) R: A language for data analysis and graphics. J
Comput Grap Stat 5: 299–314.

Supporting Information

PLoS Computational Biology | www.ploscompbiol.org

0008

December 2005 | Volume 1 | Issue 7 | e72

