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Post-transcriptional Expression Regulation in
the Yeast Saccharomyces cerevisiae on a

Genomic Scale*s

Andreas Beyert§, Jens Hollundert, Heinz-Peter Nasheuer9], and Thomas Wilhelmt

Based on large-scale data for the yeast Saccharomyces
cerevisiae (protein and mRNA abundance, translational
status, transcript length), we investigate the relation of
transcription, translation, and protein turnover on a ge-
nome-wide scale. We elucidate variations between differ-
ent spatial cell compartments and functional modules by
comparing protein-to-mRNA ratios, translational activity,
and a novel descriptor for protein-specific degradation
(protein half-life descriptor). This analysis helps to under-
stand the cell’s strategy to use transcriptional and post-
transcriptional regulation mechanisms for managing pro-
tein levels. For instance, it is possible to identify modules
that are subject to suppressed translation under normal
conditions (“translation on demand”). In order to reduce
inconsistencies between the datasets, we compiled a new
reference mRNA abundance dataset and we present a
novel approach to correct large microarray signals for a
saturation bias. Accounting for ribosome density based
on transcript length rather than ORF length improves the
correlation of observed protein levels to translational ac-
tivity. We discuss potential causes for the deviations of
these correlations. Finally, we introduce a quantitative
descriptor for protein degradation (protein half-life de-
scriptor) and compare it to measured half-lives. The study
demonstrates significant post-transcriptional control of
protein levels for a number of different compartments and
functional modules, which is missed when exclusively fo-
cusing on transcript levels. Molecular & Cellular Pro-
teomics 3:1083-1092, 2004.

Recent publication of high-throughput data of the yeast
Saccharomyces cerevisiae (1-3) opens the possibility to ana-
lyze the relationship between protein abundance, mRNA lev-
els, and translational status on a genome-wide scale. Often
mRNA abundance is used as a surrogate for protein amounts.
Most studies employing cDNA microarrays assume that a
high transcription of an ORF correlates with a high abundance
of the corresponding protein. Previous studies either could
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not find a correlation between protein and mRNA abundance
(4) or the correlation was only weak (5-8). Greenbaum and
coworkers (7) discuss three potential reasons for the lack of a
perfect correlation between mRNA and protein levels: i) trans-
lational regulation, ii) difference of in vivo protein half-lives,
and iii) the significant amount of experimental error including
differences with respect to the experimental conditions. Un-
derstanding post-transcriptional regulation is crucial for cor-
rectly interpreting gene expression data. A full understanding
of cell responses to external stimuli includes both transcrip-
tion and translation regulation (6, 9, 10). It is important to
distinguish processes regulating the overall translation (such
as the total number or activity of available ribosomes) from
protein-specific mechanisms of translation regulation (11-13).
In addition to these translation-related mechanisms, selective
degradation of proteins (protein turnover) regulates the cellu-
lar protein levels and affects the observed correlation be-
tween protein and mRNA abundance (14).

In this article, we explore the premise that protein levels are
mainly determined by the corresponding mRNA levels, and
we show to what extent translational regulation and selective
degradation obliterate a perfect correlation between mRNA
and protein abundance. Our focus lies on post-transcriptional
regulation of protein amounts measured under standard log-
growth conditions. For different compartments and functional
modules we investigate to what extent protein levels are
determined by the three factors mRNA concentration, trans-
lation rate (ribosome density and ribosome occupancy), and
protein specific degradation. With “compartment” we always
denote spatial subcellular structures, while “module” applies
to functionally related genes and proteins. The value of ana-
lyzing protein-mRNA correlations for different functional mod-
ules and pathways has been noted previously (7-9). We dem-
onstrate that the quality of protein-mRNA correlations varies
among different cellular compartments and functional mod-
ules, and we quantify the contribution of post-transcriptional
steps, including protein turnover, to the observed expression
regulation of proteins. In addition, this study constitutes an
example of how large-scale transcriptomics and proteomics
data can be combined to gain new insights into cellular
regulation.

© 2004 by The American Society for Biochemistry and Molecular Biology, Inc.
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MATERIALS AND METHODS

Reference Data for mRNA Abundance—We obtained a reference
mRNA abundance value for each ORF by combining 36 microarray
datasets taken from the literature (supplemental material). All selected
experiments are performed with wild-type yeast strains, grown in YPD
medium under log-growth conditions without any stressors or chem-
ical agents. These experiments generally served as control experi-
ments. In order to obtain the reference data set the following steps
were taken:

1. Microarray signal normalization according to Bolstad et al. (15)

2. Select median signal of each ORF as microarray-based stand-
ard signal (MSS)'

3. Saturation correction

In order to correct the MSS for saturation effects, we compared the
MSS values to values obtained by serial analysis of gene expression
(SAGE) (16). Based on that comparison, we derived a correction for
MSS larger than 13 copies per cell (see below).

More details on the data processing are given in the supplemental
material. The complete mRNA reference dataset with the median,
arithmetic mean, and different error estimates can be obtained from
our web site (www.imb-jena.de/tsb/yeast_proteome).

Saturation Correction—Microarray measurements tend to under-
estimate high levels due to saturation during hybridization (5, 17).
SAGE data on the other hand are inaccurate at low mRNA concen-
trations. In accordance with previous work (5, 7), we used SAGE
measurements (16) to adjust the microarray measurements in the
upper range. Plotting the two datasets against each other reveals a
systematically increasing deviation between the datasets (Fig. S1,
supplemental material). Average expression levels start to deviate
significantly above 13 molecules per cell. Hence, the correction y =
0.053-MSS2998 (y is the corrected mRNA signal) is applied to all MSS
above 13 mRNA molecules per cell. This correction is based on a
regression of the deviation for values larger than 13. Our approach of
adjusting microarray data has the advantage of using a signal-de-
pendent correction. This way of adjusting the two datasets to each
other is similar to state-of-the-art normalization methods used for mi-
croarray analysis (15). lts main advantage is that large mRNA values
(and all properties derived from it such as the protein-to-mRNA abun-
dance ratio (PRR)) get more realistic. Finally, the consideration of SAGE
measurements allows us to include three additional mMRNA expression
values from SAGE for which no microarray measurement is available.

Grouping and Correlation Analysis—Proteins have been grouped
according to their localization and function. Annotations to modules
and compartments were done following the MIPS classification
(mips.gsf.de, ftp files from March 2004), using only the most general
first level annotation. Protein groups are compared on the basis of
median values. Significance of correlation is measured with the
Spearman rank correlation coefficient ry throughout. No correlation
has been calculated if less than 10 data points are available for the
regression. If not stated differently the r, mentioned in the text are
statistically significant (1% confidence level).

Protein Half-life Descriptor (PHD)—By combining the models from
(7, 18, 19) we set up the following differential equation:

dlP]
at

= kp : ktrans/,/" [mRNA/] - kd,/ . [Pr] (Eq 1)

where [P] and [MRNA] are the protein and mRNA concentrations of
the ith ORF; Ki,.,¢,; is the product of ribosome density and ribosome

" The abbreviations used are: MSS, microarray-based standard
signal; PHD, protein half-life descriptor; PRR, protein-to-mRNA abun-
dance ratio; SAGE, serial analysis of gene expression.

occupancy (fraction of mMRNA bound to ribosomes) of the ith ORF (19);
k, is a genome wide translation constant (essentially it quantifies the
speed of elongation) (19) and k; is an ORF-specific destruction rate.
Because average protein levels are constant at steady state (dP/dt =
0), we can calculate the half-life descriptor as PHD; = k./ky; =
[PV (MRNA]Ksransi,)- The half-life of a protein is In(2)/k, ;, thus the PHD
is proportional to the in vivo half-life.

At the current stage, we refrain from expressing the PHD as a
half-life in units of time, because the uncertainty of the underlying
measurements is still too large to warrant its interpretation as an
actual half-life. However, current data allow a classification of proteins
into those with high and low stability. As the quality of protein abun-
dance measurements improves also quantitative interpretation will
become feasible.

RESULTS

In order to obtain a reference mRNA abundance for each
ORF, we have compiled a set of 36 independent mRNA abun-
dance measurements originating from different research
groups. All measurements were performed using oligonucleo-
tide microarrays and the same medium (YPD). This ensures
high consistency of the data, while the selection from different
research groups minimizes possible biases. Not all ORFs
were measured in all studies, but the dataset contains at least
30 independent measurements for >6,000 ORFs. We applied
a signal-dependent correction to high mRNA values in order
to account for saturation effects (5, 17). This correction yields
larger, more realistic absolute values in the upper range of the
microarray data set (c.f. “Materials and Methods”). The result-
ing dataset is characterized by low noise: 94% of the abun-
dance values have a coefficient of variation (CV) less than 1
and 99% of them have a CV below 2.5.

Protein abundance data are taken from Refs. 2 and 7. The
protein abundances are much more uncertain than the refer-
ence mRNA levels, because they are based on fewer meas-
urements and because the measurement techniques are less
mature. To reduce also the error of protein abundances, we
calculated the average of protein levels from Refs. 2 and 7
whenever possible (1,669 ORFs are contained in both data-
sets). Protein versus mRNA correlations are most significant
when using the averaged protein levels (see supplemental
material), suggesting that the averaged protein concentra-
tions are in fact characterized by reduced noise. The avail-
ability of two measurements for some of the genes allows to
get at least some idea of the uncertainty of the protein abun-
dance values and properties derived from them. See the
supplemental material for a detailed comparison of the avail-
able datasets.

The efficiency of translation can be measured by ribosome
density on the mRNAs and the fraction of mRNA bound to
ribosomes (ribosome occupancy) (1, 19-21). Hence, the ob-
served protein levels should be better explained if in addition
to mRNA abundance also ribosome density is taken into
account. Previous calculations of ribosome density were
based on ORF length (1, 20, 21). Using data from Refs. 1, 3,
and 21, we calculated two different ribosome densities: Either
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TaBLE |
Correlation of protein and mRNA abundance versus ORF length, transcript length, UTR length, ribosome occupancy, and ribosome density

Spearman rank correlation coefficients are shown. All correlations except for mMRNA abundance versus ORF length are significant (p < 0.01,
n > 3600). Abundance values are from the reference dataset as outlined in the main text.

ORF length Transcript length? UTR length® Ribosome occupancy® Ribosome density 19  Ribosome density 2°
mRNA abundance 0.03 -0.18 -0.23 0.38 0.13 0.17
Protein abundance -0.10 -0.11 -0.16 0.39 0.33 0.37

2 Taken from Ref. 3.
b Length of UTR = transcript length — ORF length.
¢ Average ribosome occupancy from Ref. 1 and 21.

9 Ribosome density based on ORF length. Averages from Refs. 1 and 21.
¢ Ribosome density based on transcript length. Numbers of ribosome per transcript from Refs. 1 and 21, transcript length from Ref. 3.

the number of ribosomes gets divided by the ORF length
(Ribosome Density 1) or by the transcript length (Ribosome
Density 2). In both cases, the average number of ribosomes
from Refs. 1 and 21 was used. We find that correlations
between protein levels versus ribosome density are strongest
when using Ribosome Density 2 (Table I), suggesting that
ribosome densities calculated on the basis of transcript length
better describe translational efficiency.

Protein and mRNA Abundance as Indicators of Suppressed
Translation—The genome-wide arithmetic mean protein
abundance is 9,400 molecules per cell; the arithmetic mean
mRNA abundance after applying our correction algorithm is
3.9 mRNA molecules per cell. However, we prefer to use
median values for comparing compartments and functional
modules, because the median is less affected by extreme
values. Comparison of the available datasets shows that the
median is much more stable against variations between the
studies. The corresponding median values for the entire cell
are 2,800 protein and 0.7 mRNA copies per cell, which are
substantially below the arithmetic mean values. Median pro-
tein and mRNA levels vary significantly between compart-
ments and functional modules (Fig. 1). The compartment and
module-specific medians have to be interpreted with care: for
instance, one might expect that the compartment “cytoskel-
eton” should have large average mRNA and protein levels.
However, although some of those proteins are highly ex-
pressed they present only a small fraction of all gene products
in that compartment.

The solid lines in Fig. 1 indicate the median values for the
whole cell (i.e. the median of all ORFs taken together). Com-
partments or modules above or right of these lines in Fig. 1, a
and b have relatively high protein or mRNA levels. While the
majority of compartments and modules in Fig. 1, a and b lies
in the bottom left or upper right quadrant, only few compart-
ments reside in the bottom right quadrant. Interestingly, only
the functional module “transposable elements/viral & plasmid
proteins” lies in the upper left quadrant of Fig. 1b. Proteins in
this part of the figure would be present in large amounts,
although only a few mRNA molecules exist. On the other
hand, there are compartments with relatively high mRNA but

only low protein levels. Such genes are efficiently transcribed,
but either translation is suppressed or the translation products
are rapidly degraded. In either case, the cell has the option to
establish higher protein concentrations without having to tran-
scribe additional mMRNAs.

Protein-to-mRNA Ratio (PRR)—If there would be no post-
transcriptional regulation of protein levels, the PRR were the
same for all proteins. Thus, varying PRRs are indicative of
post-transcriptional regulation.

The median PRR of all ORFs is 2,500 protein molecules per
mRNA molecule, and the median values of modules and
compartments vary by a factor of two around this cell-wide
median (Fig. 1, ¢ and d). The median PRR is smallest in the
compartments “extracellular proteins” and “cell wall” and it is
largest in the lipid particles. Among the functional modules,
low PRRs appear in the module “protein synthesis” and the
largest occur in the “energy” module. Large PRRs (i.e. effi-
cient translation) of energy-related proteins is plausible, be-
cause many of these proteins are needed throughout the cell
cycle and under all environmental conditions.

The PRR is similar to the “enrichment” proposed previously
by Greenbaum et al. (22), who were using a smaller set of
protein data. They came to similar conclusions with respect to
enrichment in most modules. A significant difference between
Greenbaum’s and our studies occurs only in case of “protein
synthesis” where we find a PRR below the global average,
while Greenbaum and colleagues observe an enrichment for
these ORFs. The protein abundances used by Greenbaum
and coauthors were obtained by gel-based techniques, which
are known to have a bias toward proteins with longer half-lives
and higher abundances (4, 5). Thus, proteins with low PRRs
likely have been missed in previous studies. In addition, the
two measures (median PRR, enrichment) are not identical,
and differences with respect to growth conditions cannot be
ruled out as a potential cause of this inconsistency.

Protein Abundance Is Weakly Correlated to mRNA Abun-
dance and Translational Activity—The number of proteins syn-
thesized per unit time depends on the number of mRNA
molecules coding for this protein and on the respective trans-
lation rate. Therefore, we define “translational activity” as the
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Fic. 1. Median values of protein properties grouped by localization (cell compartments, left) and function (right). a and b, protein levels
versus mRNA abundance; ¢ and d, PHD versus PRR; e and f, translational activity versus ribosome density. PRR is the number of proteins per
mRNA molecule; PHD is PRR divided by translation rate; translation rate is the product of ribosome density and ribosome occupancy; ribosome
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product of mRNA abundance and translation rate (i.e. ribo-
some density times ribosome occupancy (1, 19)) (Figs. 1 and
2). If there is little post-transcriptional regulation for most
proteins of a certain compartment or functional module, pro-
tein levels will be correlated to the corresponding mRNA
concentrations. A significantly improved correlation when ad-
ditionally accounting for the translation rate indicates strong
translational regulation.

We calculated Spearman rank correlation coefficients (r;) of
protein abundances versus mRNA levels and versus transla-
tional activities for the different protein groups (Fig. 2). It has
been shown that protein and mRNA abundance data are not
normally distributed (2, 5), therefore the Spearman rank cor-
relation coefficient is more suitable than the Pearson correla-
tion coefficient. For the whole cell the r, are 0.580 and 0.596
for the protein-mRNA and protein-translational activity corre-
lation, respectively. While the protein-mRNA correlation in
most spatial compartments is relatively weak (six compart-
ments have a ry below 0.4), functional modules generally
exhibit stronger correlations. It is plausible that expression
regulation is more strongly synchronized within functionally
homogeneous modules. The modules “metabolism,” “en-
ergy,” and “protein synthesis” exhibit the strongest correlation
between mRNA and protein levels, suggesting that these mod-
ules are substantially regulated at the transcriptional level.

In agreement with previous observations (20, 21), ribosome
density and ribosome occupancy are positively correlated
with mRNA abundance (Table I). Thus, our analysis suggests
a general tendency to increase mRNA levels and ribosome
density in concert (“homodirectional changes” (20)). The dif-
ferent ribosome densities discussed above also yield two
variants of translational activity. We find slightly improved
correlations with mRNA and protein abundance when dividing
the number of ribosomes per mRNA by the transcript length
rather than the ORF length (Table |, supplemental material Fig.
S4). A long transcript length compared with the ORF length is
indicative for regulatory elements in the UTR (3). Such UTRs
may be populated by ribosomes, e.g. if they contain upstream
ORFs (12). Hence, regulatory elements on the UTR may re-
duce the effective ribosome density, which is partly being
accounted for by using the transcript length instead of the
ORF length. In the remainder we restrict our analysis to ribo-
some densities and translational activities based on transcript
length.

Interestingly, there is no consistent improvement of the
correlations when using translational activity instead of mMRNA
abundance (Fig. 2). In case of the functional modules, the
correlation versus translational activity is mostly the same or it
is slightly better than the correlation versus mRNA levels.
There is, however, a strong, significant improvement of the
correlation for the module “protein activity regulation,” indi-
cating that translational control of protein amounts is highly
important for these proteins.

Evidence for Translation on Demand—When environmental
signals require a quick cellular response, protein expression
regulation via altering transcription may be too slow for ur-
gently needed proteins. In such situations the cell constitu-
tively maintains a sufficient level of mRNA, but blocks trans-
lation until the protein is actually needed (e.g. GCN4
regulation (23)). Most of such proteins will be synthesized at
low levels under standard conditions (i.e. without stressors),
while mRNA should be present at reasonable amounts to
allow for “translation on demand.” Translation on demand has
been suggested for the yeast proteins GCN4, HAC1, and ICY2
(23-25). By analyzing the correlations, mRNA levels, and ri-
bosome densities we confirm this notion (Table Il) and we
identify new candidate genes that are potentially subject to
translation on demand.

Because protein amounts of such ORFs depend on trans-
lation rather than transcription, an improved correlation is
expected if ribosome densities are taken into account. The
module “protein activity regulation” is a good example in that
respect (Fig. 2b). Proteins of this module comprise regulatory
proteins (such as GTPases or GDP/GTP exchange factors)
that are needed at temporally varying amounts. Further evi-
dence for translation on demand in this module can be gained
by looking at the median mRNA levels and ribosome densities
(Fig. 1, b and f). The module has a median mRNA abundance
close to the cell average, but a low median ribosome density
(0.27 ribosomes per 100 nts), resulting in a very low transla-
tional activity (median value 0.09). Thus, there is potential for
a significant enhancement of translation in response to envi-
ronmental signals.

Other modules involved in fast response to environmental
stimuli (“cellular communication/signal transduction,” “cell
rescue/defense/virulence,” and “interaction with cellular envi-
ronment”) show similar patterns with respect to correlations,
mRNA levels, and ribosome densities (Figs. 1 and 2), suggest-

density is ribosomes per transcript length; translational activity is the product of mMRNA concentration and translation rate. Solid lines indicate
median values for the whole cell (i.e. all available ORFs); dashed lines in a and b are power-law regressions of protein versus mRNA levels for
all ORFs (exponent = 0.6). A power-law regression gives the best fit of the data. Deviations from the regression are due to variablepost-
transcriptional control or due to noisy data. The module “protein synthesis” is not shown in b; its median protein and mRNA abundance are
9,500 and 4.6 molecules per cell, respectively. Two-letter code for protein groups are as follows. Compartments: BD, bud; CL, cytoplasm; CP,
cell periphery; ER, endoplasmic reticulum; ES, endosome; GG, Golgi; /M, integral membrane/endomembrane; LP, lipid particles; MI,
mitochondria; NU, nucleus; PC, punctate composite; PM, plasma membrane; PX, peroxisome; TV, transport vesicle. Functional modules: AR,
protein activity regulation; BG, biogenesis; CC, cell cycle/DNA processing; CF, cell fate; CR, cell rescue/defense/virulence; DF, differentiation;
IE, interaction with cellular environment; MB, metabolism; PB, protein with binding function; PF, protein fate; ST, cellular communication/signal
transduction; TC, transcription; TP, transport; VP, transposable elements/viral and plasmid proteins.
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Fic. 2. Correlation of protein abundance versus mRNA levels (dark gray) and versus translational activity (light gray). Translational
activity is the product of mMRNA abundance, ribosome occupancy, and ribosome density, while ribosome density is the number of ribosomes
per transcript length. Correlation is measured with the Spearman rank correlation coefficient (ry) for (a) spatial cell compartments and (b)
functional modules. Horizontal line indicates the correlation versus mRNA abundance for all available ORFs (“all,” first bar on the left). Protein
groups with significant correlations (o < 0.01) are indicated by an asterisk (*) next to their name. Module “protein activity regulation” has no
significant correlation with respect to mRNA abundance, but correlation versus translational activity is significant. Error bars were determined
as follows: Correlations were separately calculated for the protein abundance data from Refs. 2 and 7. The error bars show the maximum
deviation of the two r, from the reference correlation. Variations among the different mMRNA datasets were substantially smaller than for the two
protein datasets.
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TABLE Il
Translation on demand for selected ORFs

Translation on demand has been suggested for the yeast proteins GCN4, HAC1, ICY2, and CPAT (23-25, 32). GCN4 has an exceptionally
high mRNA abundance but a very low ribosome density. Protein abundance has not been measured. The other proteins have low PRRs and
also low ribosome densities, which is both indicative for translation on demand. The available data thus confirm the notion that these four
proteins are subject to translation on demand. For comparison, we have included the median values for the whole cell and the data for CPA2,
which likely is not regulated at the translational level (32). In contrast to the other proteins, CPA2 has a very high PRR and a comparably high

ribosome density, confirming constitutive expression of CPA2.

mRNA abundance Protein abundance PRR Ribosome density 2
Genome-wide median 0.7 2,800 2,500 0.36
GCN4 26 NA NA 0.09
HAC1 5.2 9,000 1,700 0.26
ICY2 1.5 450 300 0.28
CPA1 4.8 4,900 1,000 0.23
CPA2 1.1 13,200 11,600 0.37

ing that a sub-set of the ORFs is regulated via translation on
demand.

Protein Degradation Significantly Affects Protein-mRNA Ra-
tios— Although protein levels in some modules are better ex-
plained by taking into account translation rates and mRNA
abundance together, there remains a large amount of scatter.
While this scatter must partly be attributed to uncertainty and
variability of the measurements, also regulated protein turn-
over will be causative. We calculated a protein half-life de-
scriptor (PHD, see “Materials and Methods”) for about 4,000
proteins. The PHDs are provided as supplemental data and
they can be downloaded from our web site.

The PHD quantifies the deviation from a perfect relationship
between observed protein abundance and translational activ-
ity. Assuming that Equation 1 is a valid approximation of the
real kinetic and neglecting noise in the data, the PHD values
are proportional to the in vivo half-lives of the proteins (see
“Materials and Methods”). Hence, small PHDs correspond to
short half-lives and large PHDs to long half-lives. The PHD
values lie between 0.04 (Rpl21p) and 5,000 (Pck1p). This is a
range over 5 orders of magnitude, which is not unrealistic
given that in vivo half-lives vary from a few seconds up to
many days (26). However, more than 95% of the PHDs are
between 0.1 and 100, i.e. by far the most PHDs lie within just
3 orders of magnitude.

Because the PHDs are based on five measured properties
(protein and mRNA abundance, ribosome density and occu-
pancy, transcript length), we expect large uncertainty of the
calculated PHDs. If, for instance, a gene was differently ex-
pressed during the mRNA and protein abundance measure-
ments, the PHD derived from these values could substantially
over- or underestimate the true value.? However, a qualitative

2 In addition, the affinity tagging employed in Ref. 2 could poten-
tially alter the in vivo half-lives of some proteins. According to Ref. 2,
the large majority of proteins that are known to be short-lived is
rapidly degraded also after tagging, “indicating that the tag is not
inhibiting their proteolysis” (citation from the supplemental material
for Ref. 2). However, such analysis does not exclude the possibility
that the half-life of stable proteins are shortened or even increased.

agreement between in vivo half-lives and the PHDs should be
achievable for many proteins. Based on protein abundance
data from Refs. 2 and 7 and on ribosome densities/occupan-
cies from Refs. 1 and 21, we can estimate the uncertainty of
PHDs for 1,554 proteins that are contained in all four datasets.
Here we define the PHD uncertainty range as the deviation of
the maximum and minimum PHD based on all possible pa-
rameter combinations from the four datasets. PHDs vary by
less than a factor of 2 for 186 proteins and the PHDs of 453
proteins vary by more than a factor of 10. Thus, about 30% of
the PHDs deviate by more than one order of magnitude.

Table lll shows calculated PHDs along with measured pro-
tein half-lives taken from the literature. The table shows that
large PHDs often correlate with long half-lives. As a rough rule
we can conclude that proteins with half-lives in the range of a
few minutes up to an hour usually have PHDs below 3. Rel-
ative differences between turnover rates of related proteins
are often well reflected by the PHD (P1p versus P2p, Hmg1p
versus Hmg2p, Rad51p versus Rad52p). Fig. 1, ¢ and d show
median PHDs for different compartments and functional mod-
ules. High PRRs are unlikely to coincide with low PHDs (bot-
tom right quadrant). A low PHD means that the respective
protein has a low stability, which renders high PRRs unlikely.
The module “protein synthesis” has a median PHD signifi-
cantly below the cell average and at the same time a very
good protein-mRNA correlation (Fig. 2b), suggesting that both
transcription and turnover of ribosomal proteins are strongly
regulated (3, 8, 9). Our findings confirm previous suggestions
that ribosomal protein amounts are regulated via degradation
of excess proteins (6, 27-29).

DISCUSSION

Understanding all steps of protein expression regulation is
important for a full elucidation of a cell’s response to environ-
mental signals. The availability of genome-wide data of mMRNA
levels, translational status, and protein abundances in yeast
allows us to perform an integrated analysis of post-transcrip-
tional expression regulation in a whole cell. The mRNA levels
used here are based on a large number of independent meas-
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TaBLE Il
Measured protein half-lives from the literature and calculated PHDs
For comparison to other proteins, some PHDs are shown even if no
measured half-life is published (e.g. the GRX family).

Protein Std-Name PHD? Measured half-life®
Farip YJL157¢ 0.32 ~25 min
Gic2p YDR309c 2.5 <30 min
Glc7p YER133w 7.6 >3 h
Grx3p YDR098c 4.9

Grx4p YER174c 15

Grx5p YPLO59w 11 ~4 h
Hmg1p YMLO75¢c 5.4 >4 h
Hmg2p YLR450w 0.93 50-60 min
Met30p YILO46w 1.5 <20 min
P1Bp YDL130w 0.13 <15 min
P2ap YOLO039w 4.7

P2Bp YDR382w 7.5 ~5h
Papip YKR002w 18 ~14 h
Rad51p YER095w 9.5 >2 h
Rad52p YMLO32c 7.8 15 min
Rpl40Ap YIL148w 1.2 ~2h
Rpl40Bp YKR094c 1.9 ~2h
Tat2p YOLO020w 2.6 >90 min

2 PHD is the number of proteins divided by the product of mRNA
concentration, ribosome occupancy, and ribosome density for each
ORF. Large PHD values correspond to long predicted in vivo half-
lives.

b References are given in the supplemental material.

urements. To our knowledge we have compiled the largest
reference dataset of yeast transcript levels at vegetative
growth published so far, which ensures high fidelity of the
mMRNA levels used. In contrast to the mRNA data, there cur-
rently exists only one (almost) genome-wide study of protein
levels in yeast (2), and therefore protein abundance data are
more uncertain than mRNA levels.

We compared protein abundances from Ref. 2 with previ-
ous studies, which have used different techniques and which
were performed on a smaller scale (7, 22). Although there is no
obvious bias in the data (e.g. when plotting the two datasets
against each other), the measurements sometimes deviate by
orders of magnitude (Fig. S2, supplemental material). A com-
parison of ribosomal proteins reveals the uncertainty inherent
to the available protein abundance data. In our reference
dataset, which is the average of the data from Refs. 2 and 7,
protein concentrations of ribosomal proteins range from 3,000
to 300,000 molecules per cell. When looking at the protein
datasets from Refs. 2 and 7 separately, the ranges are 450-
600,000 and 500-100,000, respectively. Whatever dataset is
chosen, all ranges deviate significantly from a 1:1 stoichiom-
etry assumed for ribosomal subunits.® This certainly is of
concern when looking at individual proteins. However, aver-

3 Despite of experimental errors, this deviation may also be due to
additional functions of the proteins. For instance, RPL40 also en-
codes a ubiquitin protein. Similarly, other ribosomal proteins may
have additional functions, which would partly explain the scatter of
protein abundances.

age results for compartments or modules are more stable
against unbiased noise. A comparison of the module- and
compartment-specific correlations (Fig. S3, Table S1, supple-
mental material) shows that the results with respect to differ-
ences between the protein groups are largely independent of
the dataset chosen. For example, the finding that the median
PHD of ribosomal proteins is comparably low is independent
of the range of the values and the conclusion does not depend
on the protein abundance dataset used. That means, even if we
use only the protein abundances from Ref. 7, which are gel-
based measurements, we find a median PHD significantly be-
low the cell average (cell-wide median PHD, 6.4; median PHD
for module “protein synthesis,” 1.7). Although the current pro-
tein abundance data hardly allow quantitative prediction, their
improvement in the future will yield substantially more detailed
insights and even quantitative conclusions can be drawn.

A rising number of studies is looking at ribosome density as
a measure for translational efficiency (1, 20, 21). It is therefore
important to clarify whether ORF length or transcript length is
more relevant for the translational efficiency. This study pro-
vides statistical evidence that ribosome densities based on
transcript length are the better descriptor of translational ef-
ficiency, possibly because transcript length correlates to the
presence of regulatory motives in UTRs (11, 30). Alonger UTR
has a higher probability of containing such a regulatory ele-
ment (3), which might explain the weak though statistically
significant negative correlation between protein abundance
and UTR length (Table I).

The correlation of protein to mRNA levels in individual com-
partments is often weaker than for the cell-wide average. This
finding supports the assumption that there is no general corre-
lation between mRNA and protein abundance, and it is consist-
ent with previous studies analyzing specific biochemical path-
ways (9, 21). However, a more pronounced correlation of the
two properties can be observed for certain functional modules
(Fig. 2b). This is most likely an effect of co-expression and
common translation regulation of these genes (8, 20, 21).

The fact that protein abundance in some cases is better
correlated to translational activity than to mRNA copy num-
bers alone supports the hypothesis that regulation at the
translational level can at least partly be described by ribo-
some occupancy and ribosome density (20, 21). However, in
some cases this assumption may be wrong. Ribosomes could
bind to mRNA without actively translating the message (e.g.
HACT1 (25)). As long as the number of ribosomes binding to
such transcripts is low, conclusions are not significantly af-
fected. In case of HAC1, the ribosome density is comparably
low (0.26 per 100 nt) and even under normal conditions a
small amount of Hac1p is detected (Table Il, this is most likely
the unspliced, noninduced form Hac1p" (25)). Thus, in this
example, a low ribosome density corresponds with a low
protein abundance, which is in agreement with our assump-
tions. Future work should more in detail investigate the block-
ing of translation during the elongation step. If this mechanism
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of translation regulation turns out to be relevant for a signifi-
cant number of proteins, this could have severe implications
also for previous studies that rest on the same assumptions
as this work (20, 21). As long as only a small number of
proteins is regulated in this way, our general conclusions
based on the analysis of protein groups would not change.

In general, the protein abundance is only slightly better
explained by translational activity than by mRNA abundance.
Thus, the remaining scatter underlines the importance of
other post-transcriptional control mechanisms. The large var-
iability of the PHDs documents the importance of turnover for
protein level regulation (13, 26). The PHD values calculated for
all available proteins vary over 5 orders of magnitude. Even if
we assume that, for instance, two orders of magnitude were
due to noisy data, there would be a remaining variability of 3
orders of magnitude. If the large scatter is not completely
random, protein turnover may be similarly important for pro-
tein abundance regulation than translational control, at least
during vegetative growth.

Exploring the available data allows to identify compart-
ments that are subject to translation on demand (e.g.“signal
transduction”) or that are regulated via protein turnover (such
as “cell wall”). Combinations could also be observed such as
for ribosomal proteins, for which the data suggest joint tran-
scriptional and post-transcriptional regulation. In agreement
with previous findings (8, 9, 21), this study implies a significant
primary response to environmental changes at the transla-
tional level, which remains undiscovered in the exclusive anal-
ysis of mMRNA levels. In case of the module “protein activity
regulation,” the relevance of translational control is particu-
larly apparent, which should trigger more detailed analyses of
the expression regulation of this group of proteins.

Finally, we demonstrate the possibility to calculate a PHD,
which relates the steady-state protein level to the synthesis
rate (18). We had to combine measurements from different
laboratories, where growth conditions might not always be
identical. In order to improve the precision of PHDs, inde-
pendent experimental verification of protein levels is particu-
larly important. Recently, other means of measuring protein
turnover rates at a larger scale have been suggested (14, 18,
31), but up to now no half-life dataset of the size presented
here has been published.

Our analysis helps to identify compartments where microar-
ray experiments might be sufficient to predict protein level
regulation as opposed to those where post-transcriptional
regulation has to be taken into account. Future work should
more precisely identify conditions under which a good corre-
lation between gene transcription and protein abundance can
be expected. Having this information available is crucial for
correctly interpreting gene expression data, such as those
obtained from microarray experiments.
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