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In Brief
Absolute mRNA and protein abundance
in combination with protein turnover
measurements will give an opportunity to
calculate translation efficiencies of
individual proteins. In the current study,
we cultivated yeast under ten
environmental conditions and analyzed
the translation efficiencies and studied
the levels of regulation of
metabolic fluxes.

Highlights
d

mRNA and protein abundances were measured under ten
environmental conditions

d

Translation efficiency differed >400-fold between individual
proteins

d

Changes in protein levels were highly correlated with the
changes in mRNA levels

d

Most of the transcriptionally regulated fluxes were related to
mitochondria

Lahtvee et al., 2017, Cell Systems 4, 1–10
May 24, 2017 ª 2017 Elsevier Inc.
http://dx.doi.org/10.1016/j.cels.2017.03.003

Please cite this article in press as: Lahtvee et al., Absolute Quantification of Protein and mRNA Abundances Demonstrate Variability in Gene-Specific
Translation Efficiency in Yeast, Cell Systems (2017), http://dx.doi.org/10.1016/j.cels.2017.03.003

Cell Systems

Article
Absolute Quantification of Protein
and mRNA Abundances Demonstrate Variability
in Gene-Specific Translation Efficiency in Yeast
Petri-Jaan Lahtvee,1,2 Benjamı́n J. Sánchez,1,2 Agata Smialowska,1,3 Sergo Kasvandik,4 Ibrahim E. Elsemman,5
Francesco Gatto,1,6 and Jens Nielsen1,2,5,7,*

€gen 10
of Biology and Biological Engineering, Systems and Synthetic Biology, Chalmers University of Technology, Kemiva
Nordisk Foundation Center for Biosustainability, Chalmers University of Technology
412 96 Gothenburg, Sweden
3National Bioinformatics Infrastructure Sweden (NBIS), Science for Life Laboratory, 171 65 Solna, Sweden
4Institute of Technology, University of Tartu, 50411 Tartu, Estonia
5Novo Nordisk Foundation Center for Biosustainability, Technical University of Denmark, 2970 Hørsholm, Denmark
6Department of Bioengineering, University of California, San Diego, 9500 Gilman Drive, La Jolla, CA 92093-0412, USA
7Lead Contact
*Correspondence: nielsenj@chalmers.se
http://dx.doi.org/10.1016/j.cels.2017.03.003
1Department
2Novo

SUMMARY

Protein synthesis is the most energy-consuming
process in a proliferating cell, and understanding
what controls protein abundances represents a key
question in biology and biotechnology. We quantified absolute abundances of 5,354 mRNAs and
2,198 proteins in Saccharomyces cerevisiae under
ten environmental conditions and protein turnover
for 1,384 proteins under a reference condition. The
overall correlation between mRNA and protein abundances across all conditions was low (0.46), but for
differentially expressed proteins (n = 202), the median mRNA-protein correlation was 0.88. We used
these data to model translation efficiencies and
found that they vary more than 400-fold between
genes. Non-linear regression analysis detected that
mRNA abundance and translation elongation were
the dominant factors controlling protein synthesis,
explaining 61% and 15% of its variance. Metabolic
flux balance analysis further showed that only mitochondrial fluxes were positively associated with
changes at the transcript level. The present dataset
represents a crucial expansion to the current resources for future studies on yeast physiology.
INTRODUCTION
Environmental conditions shape the metabolism of all living cells.
Cells respond to these changes by adjusting their metabolic
fluxes, which are regulated on various levels. Acquiring a holistic
understanding of how cellular metabolism is controlled requires
reconstruction of complete regulatory networks (Barabasi et al.,
2004; Liu et al., 2011, 2013). Although genome sequencing provides the list of components existing in every system, the whole
network of interactions between cellular components has yet to

be determined for virtually any organism (Goodwin et al., 2016;
Reuter et al., 2015). For a better understanding of the regulatory
network and dynamics among metabolic parameters, quantification of multiple levels of metabolic processes for a number
of environmental conditions is crucial. As protein synthesis is
the most energy-consuming process in proliferating cells, understanding how protein levels are controlled and how they influence metabolic fluxes plays an important role in designing
new, more efficient, industrial producer strains or understanding
the regulation of a disease. Recently, energetic limitations and
proteome allocation has been determined as one of the main
contributors controlling important cellular functions, such as
overflow metabolism, in bacteria and yeast (Hui et al., 2015;
Nilsson and Nielsen, 2016; Peebo et al., 2015; Schmidt et al.,
2016). We therefore undertook a study of the budding yeast
Saccharomyces cerevisiae to quantify at the cellular level
mRNA and protein abundances. We aimed to quantify the levels
of protein translation and protein degradation, and how protein
abundance correlates with metabolic activities, here quantified
by flux balance analysis.
Protein abundances can be described as a function of mRNA
abundance, translation efficiency, and protein turnover (Figure 1A), where translation efficiency is the rate of mRNA translation into proteins within cells (measured in protein per mRNA per
€usser et al., 2011), while protein turnover is the
hour; Schwanha
balance between protein synthesis and degradation (measured
in protein per protein per hour). Relative mRNA levels, representing the expression changes compared with the reference conditions, have been measured for decades using genome-wide
techniques such as microarrays and RNA sequencing (RNAseq). Thus far, to our knowledge there has not yet been generated a quantitative mRNA dataset for budding yeast in which
absolute abundances describing the total amount of transcripts
in the cells were calibrated against spike-ins of known concentration of the transcript, although absolute quantification has
been carried out for a fission yeast (Marguerat et al., 2012). In
the yeast S. cerevisiae, translation efficiency has been previously
estimated based on relative omics data pooled from various experiments (Csárdi et al., 2015) and measured through ribosome
Cell Systems 4, 1–10, May 24, 2017 ª 2017 Elsevier Inc. 1
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Figure 1. Overview of Collected and Calculated Data and Distribution of Absolute mRNA and Protein Abundances
(A) Representation of the mathematical model adopted to estimate the contribution of transcription, translation, and degradation in the control of protein levels in
yeast. Absolute protein and mRNA abundances were quantified together with exometabolome for ten environmental conditions, all carried out in chemostats at
constant dilution rate of 0.1 hr1. Translation efficiencies were estimated from the regression of measured protein versus transcript abundances. Protein turnover
rates for individual proteins were estimated for the reference condition from non-linear fitting of measurements on the incorporation rate of labeled amino acid in
the intracellular environment versus the proteome. Intracellular metabolic fluxes were estimated by computational modeling using flux balance analysis on
experimentally measured constraints on exchange fluxes and biomass growth rate. Fluxes were correlated to mRNA changes to estimate transcriptional control
of fluxes. Green and blue variables represent experimental and calculated values, respectively. CmRNA, CProt, CMet, absolute mRNA, protein, and metabolite
concentration, respectively; kTL, translation efficiency; kdeg, protein turnover; m, specific growth rate; D, dilution rate; fp, unlabeled fraction of the protein in a
protein pool; t, time; a, rate at which intracellular unlabeled lysine is replaced by heavy lysine in its free amino acid pool; v, flux; Z, optimization function;
S, stoichiometric matrix.
(B) Absolute mRNA and protein abundances were quantified. Absolute numbers for the reference condition are shown (D = 0.1 hr1, optimal environmental
conditions).

profiling, a method whereby ribosome-protected mRNA fragments are sequenced and the translation efficiency is estimated
based on the abundance of fragments belonging to the same
gene (Brar et al., 2012; Ingolia et al., 2009; McManus et al.,
2014; Weinberg et al., 2016). Due to the high coverage and accuracy in RNA sequencing, ribosome profiling is considered the
best method for translation efficiency estimations. Nonetheless,
measuring ribosome density in mRNAs does not provide a valid
prediction of whether translation elongation rate varies from
gene to gene or from one environmental condition to another,
because this technique measures the density of ribosomes on
an mRNA but not how fast they are moving. Lack of genomescale quantitative data has currently prevented the calculations
of translation efficiency based on mRNA abundance, protein
abundance, and protein turnover. Protein turnover has been reported to play an important role in fine-tuning protein levels in
cells. Previously reported protein turnover measurements have
yielded varying results, with reported median protein turnover
rates in the range of 0.078–0.98 hr1 (Belle et al., 2006; Helbig
et al., 2011; Hong et al., 2012; Khmelinskii et al., 2012; Pratt
et al., 2002). There are many reasons for this variability, including
differences in strains and experimental conditions as well as
complications in the experimental setup and differences in
data handling. From these analyses, however, it is clear that protein turnover constitutes a significant part of cellular maintenance and affects cellular energy metabolism (Hong et al., 2012).
Cellular phenotypes are determined largely by metabolic fluxes,
and understanding how the cell is controlling metabolism is a central question in biology (Nielsen, 2003, 2011). Metabolic fluxes are
2 Cell Systems 4, 1–10, May 24, 2017

determined to some extent by enzyme abundance, but many
other factors also play a role, e.g., metabolite levels and enzyme
post-transcriptional modifications. No method directly measures
metabolic fluxes at the genome-scale level. Hence, computational
methods have often been used in yeast to approximate the distribution of intracellular fluxes based on the reconstruction of a
genome-scale metabolic network, constraints on the exchange
fluxes, and the definition of a biomass composition under the
assumption that the steady-state fluxes are mass-balanced and
tailored to optimize the biomass growth rate (Kerkhoven et al.,
2015; Sánchez and Nielsen, 2015; Simeonidis and Price, 2015).
This approach, called flux balance analysis (Orth et al., 2010), enables comparison of metabolic fluxes with transcriptome and proteome data and provides information about the control of fluxes at
the genome scale (Bordel et al., 2010).
In this study, we quantified protein synthesis in S. cerevisiae at
the system level and correlated these data with metabolic fluxes.
We obtained a global map of which fluxes are controlled by protein abundance in a eukaryotic cell. To quantify protein synthesis, we measured the absolute levels of individual transcripts
and proteins in S. cerevisiae grown under ten environmental
conditions in triplicate steady-state experiments at a constant
specific growth rate. A steady physiological state was chosen
to avoid bias caused by delays in protein synthesis occurring
under dynamic environmental conditions. Protein turnover was
measured and translation efficiency was calculated for 1,117
proteins. To understand the regulation from proteins to metabolic fluxes, we calculated intracellular flux distributions using
a genome-scale metabolic model and flux balance analysis.
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Figure 2. Integration of mRNA and Protein Abundances under Ten Environmental Conditions
(A) Correlation of absolute mRNA and protein abundances under all studied environmental conditions. Green color highlights proteins that show differential
expression under some of the environmental conditions compared with the reference condition (adjusted p < 0.01).
(B) Correlation of absolute mRNA and protein abundances illustrated for individual proteins across the ten environmental conditions, showing a large variation in
their slopes.
(C) Pearson’s correlation distribution of absolute mRNA and protein abundances for individual proteins under the studied environmental conditions. The median
of 0.88 was detected for the proteins that showed significant change in their transcript level (adjusted p < 0.01; green bars), and median of 0.48 for all the detected
proteins (gray bars). Both relative and absolute frequency histograms are displayed.

A correlation analysis of these different layers of data allowed us
to predict transcriptionally regulated fluxes and identify patterns
in translation efficiency.
RESULTS
Quantitative Transcriptome and Proteome under
Carbon-Limited Conditions
Absolute levels of the yeast S. cerevisiae transcriptome and proteome were quantified under a steady physiological state using
chemostat cultures at a fixed dilution rate of 0.1 hr1 (equal to
specific growth rate). To harness yeast regulation, we perturbed
the environment by applying three different states of stress
(ethanol, salt, and increased temperature), each at three gradient
steps, resulting in a total of nine perturbed conditions. Cultures
were grown at the same dilution rate as for the reference condition
(Figure 1A). Genome-wide transcriptome analysis was performed
using RNA-seq. RNA-seq read counts for 5,354 transcripts were
then calibrated based on the absolute concentrations of 18
mRNAs, which were selected to cover the overall mRNA expression dynamic range (Tables S1 and S2). Heavy (15N,13C) lysinelabeled biomass as an internal standard and Orbitrap mass
spectrometry (MS) were used for quantification of 2,198 proteins
(Table S3). For the absolute mRNA levels, the average SD of the
residuals was calculated as 5.2%, and a bootstrapping method
estimated an average abundance error of 1.16-fold with a 95%
confidence interval. For the proteome data, the average SD of
the residuals was 87.4%, and bootstrapping based on average
abundance error with a 95% confidence interval was 2.0-fold.
The significance of relative changes between different studied
conditions was estimated using the false discovery rate (FDR)
corrected p values (STAR Methods).
We counted the cells in the reference condition and measured
the dry weight concentration. We then estimated a single cell

weight equal to 13 ± 1 pg, similar to values reported in the literature and corresponding to a cell volume of 35 fL (Bryan et al.,
2010; Klis et al., 2014; McMurrough and Rose, 1967). We quantified the total amounts of mRNA and proteins per picogram of
dry cellular weight (DW) to allow for a cell-size-independent
comparison under different environmental conditions. Under
the reference condition, we found for each gene a median of
0.7 mRNA molecules and 491 protein molecules per picogram
of DW corresponding to 9 and 6,384 molecules per cell under
the reference condition, respectively (Figure 1B). To our knowledge, no other group has reported a combined absolute quantitative transcriptome and proteome dataset for S. cerevisiae.
These numbers were in agreement with the total count calculations for proteins and mRNAs suggested in a prior study (Milo,
2013). As for other organisms, we observed a relatively narrow
distribution in the count of mRNA molecules per cell that
spans slightly more than two orders of magnitude (Marguerat
€usser et al., 2011). Conversely, protein
et al., 2012; Schwanha
abundances spanned over five orders of magnitude. No gene
ontology group-dependent distribution was detected, meaning
that the distributions of both transcript and protein abundances
are likely unrelated to their functional role in the cell (Figure S1).
When mRNA levels were correlated with their corresponding
proteins, a Pearson correlation of R2 = 0.51 was detected for
the reference condition and R2 = 0.45 when leveraging on all
the studied conditions (Figure 2A). Due to the use of steady-state
conditions, this value is higher than previously reported for yeast
or other organisms (Maier et al., 2009). However, only 46% of
protein levels were predicted correctly based on linear correlation while experimental noise was taken into account for the
calculations (STAR Methods), where approximately 10% of
the detected proteins showed more than a 10-fold difference
from the predicted value. Csárdi et al. (2015) suggest, based
on pooled data analysis where experimental noise is accounted
Cell Systems 4, 1–10, May 24, 2017 3
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Figure 3. Protein Turnover under Glucose-Limited Chemostat Conditions
(A) Distribution of protein turnover for 1,384 proteins calculated based on 18 time points measuring labeled amino acid incorporation into intracellular amino acid
pool and into individual proteins.
(B) No significant changes in protein turnover rates were detected between various functional groups as shown by violin plots (combining information from box
plots and kernel density plots). White dot illustrates median value, black bold line 50% of the population, and thinner gray line 75% of the population.

for in exponentially growing yeast cells, that up to 85% of protein
abundances can be predicted based on their transcriptome
levels. We failed to support this conclusion with our steady-state
data.
Transcriptional Control Dominates Protein Expression
Changes in Yeast
Although we found relatively low correlation between the total
proteome and mRNA concentration (Figure 2A), we took advantage of our data from multiple environmental conditions and
examined the mRNA-protein correlation across conditions at
the level of single genes. Only 202 proteins (11% of the detected)
showed differential expression profile when compared with the
reference condition (FDR <0.01). These 202 proteins correlated
strongly with the corresponding mRNA level across the ten studied environmental conditions with a median Pearson correlation
of 0.88 (representative examples shown in Figure 2B, systemlevel correlations shown in Figure 2C). This indicates that transcriptional control seems to be the major driver behind changes
in protein levels. We speculated that variation in the translation
efficiency between different genes could determine the imperfect correlations commonly detected between mRNA and protein levels in previous studies. These correlations were robust
to changes in the selected confidence level.
Our integrated transcript-protein data resulted in 1,864 comparable transcript-protein pairs where differential expression
was observed in 1,205 transcripts and 202 proteins. Among these
pairs, 164 showed differential expression at both the transcript
and protein level, which is 81% of all differentially expressed proteins and 15% of the differentially expressed transcripts. Hence,
we observed 1,041 genes which changed their expression at the
transcriptional level, but no significant change was detected at
the protein level. It is possible that many of the 85% of transcrip4 Cell Systems 4, 1–10, May 24, 2017

tional changes not reflected at the protein level could be a bias
introduced by the lower accuracy in proteome measurements
or the fact that the two data types span different orders of magnitude (Figure 1B). Thereby, protein variance may be overestimated
and affect the statistical power needed to detect truly differentially expressed transcript versus protein pairs.
Protein Turnover for Individual Proteins
As differences in protein turnover and translation efficiency are
expected to explain the observed differences in post-transcriptional control, we quantified individual protein turnover under
the reference condition, which in combination with transcript
and protein abundances enabled us to estimate translation efficiency. Two parallel chemostat experiments were carried out
with a lysine auxotrophic (Dlys1) strain, and sampled 18 times
during 13 hr after the minimal medium supplemented with light
lysine was replaced with an identical medium containing heavy
lysine. Based on samples collected at 18 time points in the replicate experiments, the protein turnover was calculated by fitting
protein levels exponentially over time while adjusting for intracellular amino acid recycling between the proteome and free amino
acid pool (methods similar to Hong et al., 2012; Lahtvee et al.,
2014; Figure 1A). We obtained a statistically significant fit for
1,384 proteins (out of 1,591 detected; 87%, FDR <0.01), where
the data were biased toward more abundant proteins (Figure S2).
The accuracy of each fit was determined by calculating the
95% confidence interval for each estimate of the parameters.
On average, we observed a 36% deviation from the median on
each estimated confidence interval (Figure S3 and Table S5).
The median protein turnover was determined to be 0.043 hr1
(abundance-based weighted average 0.041 hr1), which corresponds to a median half-life of 17.2 hr (1st–99th quantile range:
1.3–34.0 hr; Figure 3A and Table S5). The median protein half-life
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Figure 4. Distribution of Control over Translation Efficiency and Final Protein Abundances
(A) Non-linear regression analysis show the factors
that determine the final protein abundance. Sixtyone percent is described by the mRNA abundance; 8% can be described by codon and tRNA
adaptation indexes (CAI/tAI); 7% by the nucleotide
frequency and the sequence in the coding region
of a gene; and 4% and 0.3% by the nucleotide
frequency and the sequence in the 50 and 30 UTR,
respectively. Nineteen percent of the contribution
was not described with the currently available
data.
(B) Positional conservation analysis in the 50 UTR
and sequencing region of the mRNAs among the
highest 10% translation efficiency.
(C) Positional conservation analysis in the 50 UTR
and sequencing region of the mRNAs among the
lowest 10% translation efficiencies.

is 2.3-fold longer than the doubling time at the studied conditions. Measured protein turnovers showed a log-normal distribution. No significant differences were detected in the distributions
between different functional groups of proteins (Figure 3B). However, a statistically significant enrichment in ribosomes and
amino acid metabolic processes was detected among the 100
proteins with the highest detected turnover rate (p < 0.001).
Only very moderate negative correlation was detected between
the protein abundance and turnover (R2 = 0.23, p = 2.2 3 1016;
Figure S4B).
Protein synthesis is an energy intensive process, and protein
degradation will therefore contribute significantly to the maintenance ATP requirements. Synthesis of each peptide bond requires
a little more than four ATP molecules (Stouthamer, 1973; Stephanopoulos et al., 1998), and degradation of a peptide bond has
been estimated to utilize one ATP (Benaroudj et al., 2003). As
protein polymerization has been estimated to be the highest
cost for biomass synthesis (23 mmol ATP gDW1 h1), a median
protein turnover of 0.043 hr1 would result in an additional
12 mmol ATP gDW1 h1 for protein synthesis. Previously, using
genome-scale models and flux balance analysis it had been estimated that the net production of ATP in the cell forms approximately 59 mmol ATP gDW1 h1 (Forster et al., 2003). Therefore,
21% of the energy generated for biomass synthesis is used for
protein turnover, which makes protein turnover a major client of
energy metabolism in yeast.
Translation Efficiency and Its Regulation
Using the quantitative data for proteins, mRNA, and protein turnover, we calculated the translation efficiency for 1,117 proteins
(Figure 1A and Table S6). To understand why the translation efficiency can differ between genes by up to 434-fold (1–99 percentile), we applied multivariate adaptive regression spline (MARS)
analysis. Non-linear regression analysis MARS was applied in a
similar fashion to Vogel et al. (2010) to describe the total protein
synthesis. As input data for the regression analysis we used
mRNA abundances together with the RNA secondary structure
information (combination of singlets, duplexes, and triplexes)
and length in the coding region as well as the 50 and 30 UTRs. In
addition, information related to codon and tRNA adaptation in-

dexes (indicating differences in translation elongation), protein
turnover, and co-translational RNA decay (as introduced in Pelechano et al., 2015) were used. In total, the contributions of 259
features were tested individually. In the final round, 27 features
were selected to determine the total amount of synthesized proteins, where each factor contributed more than 0.1%. We found
that 61% of the final protein abundances can be predicted based
on their corresponding mRNA abundance (Figure 4A). This high
percentage is consistent with the strong linear correlation between mRNA and protein level found for most of the proteins.
An additional 15% is related to the RNA secondary structure in
the coding region (information pooled together from several
related variables), which is related to the elongation speed of
the ribosomes. Translation elongation was contributing mainly
through codon and tRNA adaptation indexes, but also due to
the high frequency of TT and GT sequences (for more information
see Table S9). Four percent of the control was determined by the
50 UTR of the genes, which indicates a small but significant role of
the translation initiation. Only 0.4% of the protein abundances
were described by the secondary structure of the 30 UTR.
Together, this analysis described 81% of the control at the final
protein levels. An additional 19% of protein abundances were
not described by the provided data and could be explained by
the regulation of anti-sense RNAs, the effect of folding energy,
or other factors.
Although the MARS analysis provided information about
the preferred codons and sequence elements in coding and
50 UTRs, it did not provide information on whether there are
preferred positional sequences in the data. Therefore, we also
studied the top versus bottom 10% of genes ranked by translation efficiency to detect consensus sequences associated with
translation efficiency (in a window 15 bp upstream to 50 bp
downstream of the transcription start site). Consistent with a previous study by Robbins-Pianka et al. (2010), which used ribosome profiling data from Ingolia et al. (2009) and Zur and Tuller
(2013), we discovered that highly translated proteins showed:
(1) high adenine content, especially at positions 1 and 3;
and (2) that the highly translated proteins preferred serine encoded by the TCT codon as the first amino acid after the start
codon (Figure 4B and Table S10). No significant consensus
Cell Systems 4, 1–10, May 24, 2017 5
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reduced. Even though robustness in translation efficiency could
be attributed to the constant specific growth rate across conditions, these results suggest that stresses do not affect translation efficiency, except at high temperature, likely due to inhibition
of respiration.

Figure 5. Clustering of Transcriptionally Regulated Fluxes
The majority of transcriptionally regulated fluxes are closely related to mitochondrial functions. Edges on the figure are connecting reactions located in
proximity (maximum two reactions apart) according to the yeast consensus
model Yeast 7.6. Nodes are color coded based on the protein location under
optimal conditions (according to Cherry et al., 2012; Chong et al., 2015):
orange, mitochondria; blue, peroxisomal; white, cytoplasmic; green, ER.
See Tables S2 and S8 for gene names and according metabolic reactions,
respectively. Kiwi analysis was used to determine connecting reactions.

was found among the proteins translated with the lowest studied
translation efficiency (Figure 4C).
Is Translation Efficiency Changing under Different
Conditions?
We examined for each protein whether its translation efficiency
changed across different conditions. For simplicity, we opted
to approximate the translation efficiency with the protein-tomRNA level ratio (this approximation neglects protein turnover;
however, differences in translation efficiency values were on
average within 30% in the reference condition; Figures S4B
and S4C; Table S4). Under the studied stress conditions, the
approximate translation efficiency showed high in-between correlation, with an R2 value of 0.98 between different conditions,
while at most 58 proteins (3%) significantly changed translation
efficiency. The only exception was high-temperature stress
(38 C), where 334 proteins (17%) showed significant differences,
equally split in increased versus decreased translation efficiency
compared with reference (Figure S5). Among the genes that
displayed an increased translation efficiency at 38 C, we detected an enrichment for glycolytic, protein folding, purine-ribonucleotide binding, and methane metabolism genes (p < 0.001).
Reduced translation efficiency was displayed mainly among
mitochondrial proteins involved in oxidative phosphorylation,
the tricarboxylic acid cycle, and mitochondrial ribosomes. This
outcome indicates that under conditions where respiration is
inhibited, translation efficiency of respiratory proteins is also
6 Cell Systems 4, 1–10, May 24, 2017

Transcriptionally Regulated Fluxes
Adaptation to environmental perturbations typically entails a
reprogramming of cellular metabolism. We set out to infer from
our data the contribution of transcriptional regulation to changes
in metabolic fluxes. We used a genome-scale metabolic model
for yeast, Yeast v7.6 (Aung et al., 2013), and implemented flux balance analysis to calculate intracellular flux distributions across
conditions. The model was used to simulate fluxes subject to
experimentally measured constraints, such as exchange fluxes
and condition-dependent biomass composition (measured lipid
composition, total protein, RNA, trehalose, and glycogen content). The simulation assumed that metabolic fluxes were geared
to maximize ATP consumption, in other words that the objective
function of yeast metabolism is maximum energy yield in the
form of ATP. Calculated fluxes were further subjected to random
sampling at 90% of the maximal ATP consumption value to estimate a distribution of suboptimal values for each flux (Table S7).
The simulation was carried out for each environmental condition,
and significantly changed fluxes were compared with changes in
the associated protein and mRNA levels. Protein complexes, isozymes, and promiscuous enzymes were taken into account according to the data available in SWISS-PROT (STAR Methods).
We integrated 314 flux-protein-transcript combinations, of which
51 (16%) displayed a consistent trend at the transcriptional and
protein level (i.e., decrease in flux correlated with decrease in
transcript level, or vice versa, R2 > 0.5 and p < 0.01) (Figure 5
and Table S8). Enrichment analysis of those genes showed strong
enrichment toward oxidative phosphorylation genes (p < e-14)
and aromatic amino acid biosynthetic processes (p < e-5).
Furthermore, these fluxes are highly connected with each other
(Figure 5), which points to a common transcriptional regulation.
A possible explanation for transcriptional control of oxidative
phosphorylation may be that it is essential to coordinate flux control through all the steps of oxidative phosphorylation in order to
avoid the formation of reactive oxidative species and cytochrome
c leakage, resulting in apoptosis.
DISCUSSION
Here, we provide an absolutely quantified dataset of the transcriptome (5,354 transcripts) and proteome (2,198 proteins) of
S. cerevisiae grown under ten environmental conditions. Using
these data, we estimated the protein turnover rate (for 1,384 proteins) and calculated the translation efficiency for 1,117 proteins.
Finally, we simulated the fluxome and ultimately determined the
transcriptional control of metabolic regulation.
In contrast to previous studies that reported relative mRNA
quantification in yeast, we used spike-in standards to calibrate
absolute mRNA abundances in S. cerevisiae. Absolute protein
levels have been measured before using tandem affinity purification- or GFP-tagged proteins (Chong et al., 2015; Ghaemmaghami et al., 2003) and by a targeted proteomics approach based
on selected reaction monitoring (Picotti et al., 2009). However,
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these measurements were not collected together with transcriptome analysis under the same experimental conditions nor over a
wide range of conditions. In this sense, this study represents a
comprehensive catalog of mRNA and protein abundance profiles
encompassing respiratory environmental conditions as well as
nine environmentally perturbed conditions. The correlation between mRNA and protein levels was found in the same range as
reported previously with relative abundance data (Maier et al.,
2009). However, because we collected mRNA and protein measurements for a variety of environmental conditions, we could
detect high transcriptional control over protein levels when the
mRNA and protein levels for individual proteins were correlated
over various environmental conditions (Figures 3A and 3B). We
found that although changes in protein levels are well correlated
with the changes in the transcripts, the translation efficiency of
proteins is highly variable between individual proteins. Similar
results have been detected for human tissue, whereby data
collected from databases were combined and relatively constant
protein-mRNA ratios were found for individual proteins (Wilhelm
et al., 2014). Recently, another study reported constant tissue-independent protein-mRNA ratios for 55 proteins, for the first time
measured from the same sample (Edfors et al., 2016). Our data,
however, represent a larger global study for yeast, whereby constant protein-mRNA ratios were quantified for more than 1,800
proteins across the ten environmental conditions studied.
To understand whether differences in protein-mRNA ratios can
be caused by significant differences in protein degradation rates,
we measured protein turnover rates for 1,384 proteins in the reference condition. The rates have a log-normal distribution with a
median value of 0.043 hr1. Previously, in chemostats at a dilution
rate of 0.1 hr1 and under nitrogen limitation conditions, protein
turnover was estimated for 641 proteins at a median value of
0.064 hr1 (Helbig et al., 2011). Despite a 33% difference in the
median value, histograms illustrating the distribution of individual
protein turnover rates showed an almost complete overlap
(Figure S6). Under carbon limitation, protein turnover has been
measured for the whole proteome using uniformly labeled
glucose, whereby measurements showed different values for
different amino acids with a median of 0.078 hr1 (Hong et al.,
2012). Much more variability has been observed between measurements carried out under batch conditions, often caused by
incorrect methods used for protein turnover estimations. In the
current study, protein turnover was measured only in the reference condition, and further analysis is required to determine the
growth rate and dependence on environmental conditions of protein turnover. By combining protein abundances and measured
turnover under the reference conditions, we detected no significant changes for the translation efficiency of individual proteins
across the studied conditions. At a median protein turnover of
0.043 hr1 at a specific growth rate of 0.1 hr1, we estimated
that approximately 21% of the total ATP used for biomass synthesis is consumed solely to resynthesize proteins that are degraded.
Translation efficiency calculated in this study varied 434-fold
in the 1st–99th percentile range between individual proteins.
Similar variation has been reported based on ribosome profiling
(Ingolia et al., 2009). However, a more recent study on ribosomal
profiling of yeast demonstrated only 15-fold variability among individual proteins in the 1st–99th percentile range (Weinberg et al.,
2016). Although the differences are significant, they can be ex-

plained by the large effect on translational elongation rate which
is not taken into account in ribosomal profiling experiments. To
describe this large range of translation efficiencies in our study,
we performed position-dependent conservation analysis for
different nucleotides. Although environmental conditions chosen
for the analysis were significantly different between our data and
those from Ingolia et al., we found a similar conservation pattern
for the highly translated proteins (Gingold and Pilpel, 2011; Ingolia et al., 2009; Robbins-Pianka et al., 2010), where lysine (encoded by AAA) and serine (encoded by TCT) were the most
frequently observed amino acids just before and after the start
codon, respectively. Based on the mRNA abundances, content
of the sequence information, and codon/tRNA adaptation indexes, non-linear regression analysis was able to describe
81% of the variability in the total protein synthesis. A similar
approach has been used previously, whereby 67% of the variability was described for a human cell line (Vogel et al., 2010).
Consistently with the observed linear correlation between
mRNA and protein levels for many proteins in our study, 61%
of the variability was described by the mRNA abundances. In
addition, 15% of the control accounted for the features related
to translation elongation and only 4% for features related to
translation initiation. Previous studies analyzing the translational
control for Escherichia coli have assumed that translation initiation was the most critical step in regulating translation efficiency,
whereas folding energy and codon bias had earlier been claimed
to account for the majority of translation control in S. cerevisiae
(Tuller et al., 2010). Significant differences were found among
translation efficiencies between individual proteins, and minimal
variability was simultaneously found in translation efficiencies
between tested environmental conditions. We showed that
mRNA abundances and elongation of translation were the two
major factors for determining the amount of total protein synthesis and, hence, describing the translation efficiency.
To add another layer of information, we estimated the distribution of metabolic fluxes in the cell using genome-scale metabolic models, flux balance analysis, and random sampling. This
approach allowed us to determine which metabolic fluxes are
transcriptionally controlled—the most conventional level of
manipulation by metabolic engineers. We detected a highly enriched group of fluxes regulated at the transcriptional level
related to mitochondrial enzymes, many of which take part
in oxidative phosphorylation. Transcriptional control of mitochondrial biogenesis and function has also been observed for
higher eukaryotes (Hock and Kralli, 2009), and is likely to be
an evolutionarily conserved feature of eukaryotic cells to ensure
balanced flux through oxidative phosphorylation. Lack of flux
balance in this pathway will lead to accumulation of reactive oxygen species and possible leakage of cytochrome c to the cytoplasm, resulting in induction of apoptosis.
Our findings show that transcriptional regulation of proteins
is a common feature. However, metabolic fluxes were only
modestly related to transcriptional changes, as observed previously for Bacillus subtilis and E. coli (Chubukov et al., 2013;
Valgepea et al., 2013). This might suggest that fluxes are mainly
controlled at a post-translational level. In a study by Sauer
and colleagues, post-translational modifications were not
found to have a dominant role in the control of metabolism of
B. subtilis (Chubukov et al., 2013). These results suggest that
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most of the control in metabolism is attributable to enzyme
properties (perhaps with the exception of mitochondrial proteins, as noted above) and opens a possibility to concentrate
on global studies of the behavior of enzyme activities. In addition to the findings presented here, our study compiled an
exhaustive set of absolutely quantitative measurements of proteins and mRNA for yeast, having generated over 250,000
quantitative data points under common environmental conditions. We believe that this represents a valuable resource for
the systems biology community toward the realization of quantitative models of regulation in eukaryotes.
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EXPERIMENTAL MODEL AND SUBJECT DETAILS
The yeast Saccharomyces cerevisiae CEN.PK113-7D (MATa, MAL2–8c, SUC2) was used if not stated otherwise. As an internal standard for quantitative proteome analysis and protein turnover measurements Saccharomyces cerevisiae CEN.PK113-7D DLYS1 strain
was used. Cultures were stored in aliquot glycerol stocks at -80oC.
Experiments were carried out under glucose limited chemostat conditions on minimal mineral medium as described in Lahtvee
et al. (2016). Briefly, ten different environmental conditions were studied at the constant specific growth rate of 0.1 h1. In addition
to the reference conditions (optimal environmental conditions: temperature 30oC, pH 5.5, pO2 > 30%, agitation 600 rpm), three stress
conditions (ethanol, osmotic pressure and heat) were applied in three gradual steps until the highest level of stress was reached while
maintaining the chosen specific growth rate. Selected stress conditions were the following: Ethanol: 20, 40 and 60 g L1; osmolarity:
€lich, Germany) equipped
0.2, 0.4, 0.6 M NaCl; temperature: 33, 36, 38oC. Experiments were carried out in Dasgip 1 L bioreactors (Ju
with off-gas analysis, pH, temperature and dissolved oxygen sensors. Base medium used contained 10 g glucose, 5 g (NH4)2SO4,
3 g KH2PO4 and 0.5 g MgSO4 per litre, in addition to 1 mL of trace elements solution and 1 mL of vitamin solution. The trace element
solution contained, per litre (pH=4): EDTA (sodium salt), 15.0 g; ZnSO4,7H2O, 4.5 g; MnCl2,2H2O, 0.84 g; CoCl2,6H2O, 0.3 g;
CuSO4,5H2O, 0.3 g; Na2MoO4,2H2O, 0.4 g; CaCl2,2H2O, 4.5 g; FeSO4,7H2O, 3.0 g; H3BO3, 1.0 g; and KI, 0.10 g.). The vitamin solution contained, per liter (pH=6.5): biotin, 0.05 g; p-amino benzoic acid, 0.2 g; nicotinic acid, 1 g; Ca-pantothenate, 1 g; pyridoxineHCl, 1 g; thiamine-HCl, 1 g and myo-inositol, 25 g.
METHOD DETAILS
Sampling from Bioreactor
Sampling for exometabolome analysis was carried out by immediate filtration of the culture broth. The supernatant was collected and
stored at -20oC until analysis. Sampling for the transcriptome, proteome, and lipid analyses was carried out as follows: the dead
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volume in the tubing was collected and discarded; biomass was collected from the reactor with a syringe and immediately injected
into Eppendorf tubes already placed in a centrifuge pre-cooled to 4 C; samples were centrifuged for 22 seconds; supernatant was
discarded and cell pellets were snap-frozen in liquid nitrogen. The whole procedure from sample collection to the final freezing step
took less than 45 seconds. Samples were stored at -80oC until analysis. For biomass concentration measurements ca 40 mL of culture broth was collected from the outflow into falcon tubes placed in ice and measured gravimetrically using pre-weight filter plates.
Exometabolome, Biomass Composition Analysis and Cell Counting
An HPLC (ultimate 3000 HPLC system; Thermo Fisher Scientific, Waltham, MA) equipped with a Bio- Rad (Hercules, CA) HPX-87H
column and an IR detector was used for the detection and quantification of the following extracellular metabolites – glucose, ethanol,
pyruvate, succinate, acetate. Isocratic elution of 5 mM H2SO4 at a flow rate of 0.6 mL min1 and at 45 C was used. Lipids were
measured as described in Khoomrung et al. (2013). Briefly, dry biomass was extracted in anaerobic conditions in CHCl3:MeOH
(2:1) solution, while microwaved for 10 min at 60oC and 1000 W. After addition of 0.73% NaCl solution, organic layer was transferred
to a new tube, concentrated, and analysed using HPLC (Dionex; ultimate 3000 HPLC system, Germany) equipped with CAD detector
(Corona; ESA, Chelmsford, Massachusetts, United StatesMA, U.S.A.). Exchange fluxes and biomass composition used for the FBA is
described in the Table S12. The RNA concentration was determined using a NanoDrop 2000 (Thermo Fisher Scientific, Wilmington,
United States) after the RNA extraction using RNeasy Mini Kit (Qiagen, Hilden, Germany). Total protein was measured using a
commercial Pierce BCA Protein Assay Kit (Thermo Fisher Scientific). The cells were disrupted using glass beads and total protein
measurements were carried out according to the manufacturer’s instructions. Cell counting was carried out in Neubauer 0.100 mm
haemocytometer (Assistant, Germany) using a Leica DM E microscope (Leica Microsystems GmbH, Wetzlar, Germany).
RNA Sequencing
RNA from the biomass samples was extracted and purified using Qiagen RNeasy Mini Kit extraction and DNA degradation according
to the user’s manual (Qiagen, Hilden, Germany). Integrity of the product was verified using 2100 Bioanalyzer instrument according to
its user’s manual (Agilent Technologies, Santa Clara, California, United States). RNA concentration was determined by a NanoDrop
2000 (Thermo Fisher Scientific).
The Illumina TruSeq sample preparation kit v2 (Illumina, San Diego, California, United States), with poly-A selection, was used to
prepare RNA samples for sequencing. Fragments were clustered on cBot and sequenced on two lanes on an Illumina HiSeq 2500
with paired ends (2x100bp), according to the manufacturer’s instructions.
The short reads were mapped to the CEN.PK 113-7D reference genome (http://cenpk.tudelft.nl) using TopHat version 2.0.10 (Kim
et al., 2013). Each sample had between 8.3 to 16.2 million mappable reads, with an average map rate of 88%. Read counts were
determined using the featureCounts software from the subread package, version 1.4.0-p1. (Liao et al., 2014). FPKM-values were
calculated using Cufflinks version 2.1.1. (Trapnell et al., 2010).
Read counts were used in the differential expression analysis, with the software DESeq. (Anders and Huber, 2010). P-values were
adjusted for multiple testing using the Benjamini–Hochberg procedure (Benjamini and Hockberg, 1995) as implemented in DESeq. All
conditions were compared to the reference samples. Raw data from the experiments were deposited in ArrayExpress and assigned
the identifier E-MTAB-4044.
Quantitative Proteome Measurements
€usser et al., 2011).
The peak intensity-based absolute quantification method iBAQ was chosen for protein quantification(Schwanha
First, a lysine auxotrophic strain was created by deleting the LYS1 gene. Latter strain was cultivated with a labelled heavy
15
N, 13C-lysine (Cambridge Isotope Laboratories), and fully labelled biomass was produced (in which 98% of proteogenic lysine
was labelled, data not shown) and used as an internal standard in the measurements.
Nano-LC/MS/MS Sample Preparation
Cell pellets were suspended in 4% SDS, 100 mM Tris pH 7.5, 20 mM dithiothreitol (DTT), heated at 95 C 5 min and sonicated with
Bioruptor (Diagenonde, Denville, NJ, United States) sonication (15 min, ‘‘High’’ setting). After protein concentration measurement
with tryptophan, florescence samples spiked at a 1:1 ratio with the heavy lysine labelled standard. For absolute quantification,
6 mg of heavy standard was spiked separately with 1.1 mg of UPS2 protein mix (Sigma Aldrich). Overall, 50 mg of protein was precipitated with a 2:1:3 methanol:chloroform:water extraction. The precipitates were mixed in 7:2 M urea:thiourea and 100 mM ammonium
bicarbonate. After a disulfide reduction with 2.5 mM DTT and alkylation with 5 mM iodoacetamide, the proteins were digested with
1:50 LysC overnight at room temperature. The peptides were desalted using C18 material (3M) tips and reconstituted in 0.5% TFA.
Nano-LC/MS/MS Analysis
Injected peptides (2 mg) were separated on an Ultimate 3000 RSLCnano system (Dionex, Sunnyvale, California, United States) using
a C18 cartridge trap-column in a backflush configuration and an in-house packed (3 mm C18 particles, Dr Maisch) analytical
50 cm x 75 mm emitter-column (New Objective). The peptides were eluted at 200 nL min1 with an 8%–40% B 240 min gradient (buffer
B: 80% acetonitrile + 0.1% formic acid, buffer A: 0.1% formic acid) to a Q Exactive (Thermo Fisher Scientific) tandem mass spectrometer operating with a top-10 strategy and a cycle time of 0.9 seconds. Briefly, one 350-1 400 m/z MS scan at a resolution of
R = 70,000 was followed by higher-energy collisional dissociation fragmentation (normalized collision energy of 25) of the
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10 most-intense ions (charge states +2 to +6) at R = 17,500. The MS and MS/MS ion target values were 3x 106 and 5x 104, respectively. Dynamic exclusion was limited to 80 seconds.
Protein Turnover Measurements
Protein turnover measurements were carried out using modified stable isotope labelling with amino acids in cell culture (SILAC)
method. Two chemostat experiments were carried out under the previously described reference conditions with two exceptions:
the S. cerevisiae CEN.PK113-7D lysine auxotrophic strain Dlys1 was used; and the cultivation medium was supplemented with
L-lysine (Sigma-Aldrich, St. Louis, Missouri, United States). Media optimization was carried out to detect conditions for double substrate limitation in chemostats (culture was limited by both glucose and lysine). By using pulse experiments and metabolite measurements, it was determined that the combination of 10 g L1 glucose and 0.22 g L1 of Lysine resulted in double substrate limitation
under the studied chemostat conditions. When the culture was in a steady state, media containing unlabelled Lysine was replaced
with the media containing heavy 13C, 15N-Lysine (Cambridge Laboratories). Sampling from two parallel bioreactors was carried out
sequentially in which samples from the first bioreactor were collected at 0.5, 1.5, 2.5, 4, 6, 8, 10 and 12 hours and at 1, 2, 3, 5, 7, 9, 11
and 13 hours after the light medium was sampled and the medium from the second bioreactor was changed. Sampling was carried
out to analyse proteins (as described previously) and the intracellular metabolome. For the intracellular metabolome samples, 2 mL
of the culture was immediately quenched in 40 mL of cold methanol (kept at -50 C in an ethanol bath; the exact amount of sample
withdrawn was determined gravimetrically expecting culture density of 1mg mL-1) and centrifuged for 5 min at -14 C at 4500 rpm. The
cell pellets were snap-frozen in liquid nitrogen, and metabolites were extracted using 1 mL of hot ethanol (70 C) in three consecutive
rounds that were pooled together. The extracts were concentrated under vacuum. The metabolome samples were analysed as
described previously (Lahtvee et al., 2011) using a UPLC-MS-TOF instrument (ACQUITY UPLC and LCT Premier, Waters, Milford,
MA, United States) and an amino acid detection kit according to the manufacturer’s instructions (AccQ,Tag Ultra, Waters). Protein
samples were analysed as described in the proteome analysis section, except an internal standard was not introduced.
QUANTIFICATION AND STATISTICAL ANALYSIS
RNA Quantification
For mRNA quantification, the QuantiGene assay (Affymetrix, Santa Clara, CA, United States) was used to directly measure absolute
concentrations for 18 mRNAs in cell lysates. Ten mg of frozen yeast cell pellets collected under different reference conditions were
thawed on ice, resuspended in 100 mM Tris pH 7.5 and lysed mechanically using glass beads. After clearing the lysate by centrifugation, the lysates were diluted to approximately 6x 104 cells mL1 in 100 mM Tris pH 7.5 supplemented with 1 U mL1 RiboLock
RNase inhibitor (Thermo Fisher Scientific, Waltham, MA, United States). The dilutions used in the experiment were in the range of
6x 104–3x 102 cells mL1 depending on target abundance. Targets were selected from genes spanning FPKM values of 4x 102–
3x 105. Three dilutions of cell lysate were used for the measurement of each target. The probes for the selected targets were synthesised by the manufacturer on request, and a list of the targets is presented in the Supplementary table (Table S1). RNA transcripts
(ArrayControl RNA Spikes, AM1780, Ambion, Thermo Fisher Scientific) were used to construct the calibration curve. The dilutions of
standards were approximately 2x 1041x 106 nM, depending on the target abundance in each plate. Targets and standard dilutions for each plate were matched with respect to signal strength. Each standard was present in 5 concentrations, and two standards
were used per plate. The quantification was performed as per the manufacturer’s manual: 20 mL of cell lysate was incubated with
80 mL of probe/lysis/blocking mix overnight at 55 C. The following steps were performed as written in the product manual. Intensities
were quantified with a FLUOstar Omega multi-well plate reader (BMG Labtech, Germany). Linear correlation with the Pearson
R2 value 0.96 was achieved among 18 absolutely quantified mRNAs and their corresponding FPKM values obtained through RNA
sequencing. The same correlation was applied to each mRNA value for quantifying the mRNA levels (Tables S1 and S2).
Mass-spectrometric Raw Data Identification and Quantification of Proteome
Raw data were identified and quantified with MaxQuant 1.4.0.8 (Cox and Mann, 2008). Labelling state (multiplicity) was set to 2, and
Lys8 was defined as the heavy label. Methionine oxidation and protein N-terminal acetylation were set as variable modifications,
whereas cysteine carbamidomethylation was defined as a fixed modification. A search was performed against the UniProt (www.
uniprot.org) Saccharomyces cerevisiae reference proteome database (version from Sept 2014) using the LysC/P digestion rule. Protein identifications with a minimum of 1 peptide of 7 amino acids long were accepted, and transfer of peptide identifications between
runs was enabled. Protein quantification values were derived by using each protein’s median peptide H/L ratio and requiring at least
one peptide ratio measurement for reporting quantitative values (i.e. min ratio count set to 1). Signal integration (re-quantification) of
missing label channels was used, except for the runs where heavy label incorporation was confirmed for the spike-in standard. Peptide-spectrum match and protein false discovery rate (FDR) was kept below 1% using a target-decoy approach. The heavy spike-in
€usser et al., 2011). Essentially, prostandard was quantified using the iBAQ method as described by Scwanhausser et al (Schwanha
tein intensities were divided by the number of theoretically observable peptides, log-transformed and plotted against log-transformed UPS2 mix (48 human proteins) known protein. This regression was then used to derive all other protein absolute quantities
using their iBAQ intensities. Other parameters were set at their default values. To account for any mixing errors normalized H/L ratios
(by shifting median peptide log H/L ratio to zero) were used for all down-stream quantitative analyses (Cox and Mann, 2008).
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Curve Fitting for Protein Turnover Calculations
To calculate protein turnover rates based on protein levels measured with the SILAC approach, both, heavy-light ratio in protein dynamics as well as in the intracellular amino acid pool must be taken into account. As in mass-spectrometry based protein analysis we
were measuring peptides containing in average one lysine molecule, we are not able to detect whether the protein where the peptide
with a light lysine belongs was coming from the ‘‘old’’ or resynthesized protein. This is because the intracellular amino acid pool,
although with a constant intracellular concentration, is not having a constant heavy to light ratio but exponentially approaching
the fully labelled form. Hence, the rate of change in the fraction of unlabelled lysine can be described with the differential equation
described also previously (Hong et al., 2012; Lahtvee et al., 2014):


dfp;i
= fa ðtÞ D + kdeg;i  fp;i ðtÞkdeg;i  fp;i ðtÞD
dt

(Equation 1)

Parameters fa and fp,i are unlabelled fraction of lysine in its pool and in protein i at time t. kdeg,i is the turnover of protein i. The specific
growth rate m of yeast is equal to the dilution rate D at steady state in continuous culture experiments.
The free lysine pool fa is defined as the amount of lysine available to yeast for the synthesis of proteins. This free lysine pool is common for all proteins in the cell. The fraction of unlabelled lysine in its pool is a function of time and can be defined as:
fa ðtÞ = eat

(Equation 2)

where coefficient a describes the rate at which intracellular unlabelled lysine is replaced by heavy lysine in its free amino acid pool.
The integration of Equation 1 gives a solution for fp,i:
fp;i ðtÞ =

i

eðD + kdeg;i Þt h ðD + kdeg;i aÞt 
e
D + kdeg;i  a
D + kdeg;i  a

(Equation 3)

Equation 3 contains two unknown parameters a and kdeg,i. Parameter a is common for all the proteins and is calculated based on
fitting time-dependent intracellular lysine labelling pattern to the Equation 2. Thereafter, a is used for calculating individual protein
turnover rates (kdeg,i). Protein turnover data can be found from Table S5.
For every fitted line 95% confidence intervals were calculated (2.5%–97.5% confidence interval) and lower bounds (LB) and upper
bounds (UB) were determined with a median value of 36% (Table S5 and Figure S3).
Noise Adjusted Correlation
According to Csárdi et al., 2015, we calculated noise adjusted transcript-protein correlation coefficient for the reference condition

p
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where Xj represents the transcriptome and Yj proteome data, respectively, and j=1,2,3. Input data for the analysis is provided in
Table S11.
Flux Balance Analysis (FBA) and Random Sampling
Consensus yeast metabolic model Yeast v7.6 (Aung et al., 2013) was used for all the studied conditions. Condition-dependent
biomass composition was introduced into the model and model calculations were constrained by the biomass composition and exchange fluxes (input data can be found in the Table S12). MATLAB 2011B (MathWorks Inc, Natick, MA, United States) with GLPK
solver on COBRA Toolbox (Schellenberger et al., 2011) were applied for the calculations. First, ATP drain, representing additionally
required maintenance energy, was maximized to calculate the unique pattern of intracellular fluxes. To determine the variability of
fluxes, random sampling algorithm in RAVEN was used with 1000 samplings at the 90% previously determined ATP drain value (Bordel et al., 2010). This resulted in an average flux with the standard deviation, representing the flux variability.
Estimation of ATP Expenditure for Protein Turnover
For the estimation of ATP expenditure on protein turnover, we took into account the total ATP spent for the biomass formation according to the Yeast v7.6 genome scale model. As already demonstrated previously, ATP requirement (growth and non-growth
related ATP net production) under the reference environmental conditions was 59 mmol-ATP gDW1 h1 (Forster et al., 2003).
From the other hand, we calculated ATP expenditure for the biosynthesis of monomers and protein polymerization – the highest polymerization cost in the cell. ATP requirement for monomers was taken from the genome scale FBA analysis, which resulted in
7.5 mmol-ATP gDW1 h1. ATP requirement for protein polymerization was calculated based on the total number of proteins,
average length of a protein and an estimation that 4.306 molecules of ATP are spent for the synthesis of one peptide bond (Stouthamer, 1973; Stephanopoulos et al., 1998), which results in 23 mmol-ATP gDW1 h1. The remainder of the synthesized ATP could
be expected to be used for maintenance. To calculate the ATP requirement for protein turnover, again, 4.306 molecules of ATP were
considered for a formation of a peptide bond and 1 molecule of ATP for the degradation of one peptide bond (Benaroudj et al., 2003).
Taking into account the measured average protein turnover, it was estimated that 12 mmol-ATP gDW1 h1 was used during protein
turnover.
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Enrichment Analysis
Enrichment analysis was carried out using g:Profile online software (Reimand et al., 2011).
Translation Efficiency
Translation efficiency (kTL) was calculated accordingly:
kTL =



Cprot;i kdeg;i + m
CmRNA;i

(Equation 11)

Where Cprot,i and CmRNA,i refer to the measured absolute protein and mRNA abundance.
Multi Array Regression Spline Analysis
Multi array regression spline (MARS) analysis was run using the earth package on R platform (Milborrow, 2011). The input data for the
model comprised from the ‘‘Total synthesized protein abundances’’ as a response variable and 259 features as explanatory variables. Explanatory variables included: (i) mRNA abundances; (ii) Secondary structure information (frequency of nucleotide singlets,
duplexes and triplexes, normalized to their total length) in the sequencing region, 5’ UTR and 3’ UTR; (iii) Length of a sequencing region, 5’ UTR and 3’ UTR; (iv) Codon and tRNA adaptation indexes of genes; (v) protein turnover; and (vi) information about co-translational RNA decay (as introduced in Pelechano et al., 2015). Genome sequence information was taken from SGD, as of 02.11.2015.
Genome coordinates for 5’- and 3’UTRs were adapted from (Yassour et al., 2009). Codon adaptation indexes and tRNA adaptation
indexes were adapted from Sharp and Cowe, 1991 and Tuller et al., 2010, respectively. R-script from SeqinR-package was used to
calculate CAI and tAI values for individual proteins in yeast (Charif and Lobry, 2007).
Individual contribution was calculated for every feature, ranked according to their individual contribution and followed by the calculation of the combined contribution. Twenty-seven features were selected by the algorithm to contribute to the final protein abundance (impacting the final amount more than 0.1%). It is important to note that combined contribution is smaller than the sum of
individual contributions as there will be some overlap in the contributions. Contributions of the features were calculated by adding
parameters one by one according to their rank (Table S9).
Model prediction and generality was estimated by applying the model to the perturbed environmental conditions studied. Although
we were missing protein turnover under those conditions to calculate total amount of synthesized proteins, the average predictive
power to determine the protein abundance in the cell was 63 ± 13% (average predictive power of 9 conditions ± standard deviation).
Positional Analysis
Genes were sorted based on the ratio of protein abundance to mRNA abundance and the top 10% as higly translated and lowest
10% as low translated were selected. The sequence for 15 nts before and 15 nts after the start codon (ATG) was extracted using
YeastMine (Saccharomyces Genome Database) and the most frequently observed codons were calculated. Finally, we used the
WebLogo service to draw the sequence logos (Crooks et al., 2004).
DATA AND SOFTWARE AVAILABILITY
Transcriptomics Data
The accession number for the RNA-seq data reported in this paper is ArrayExpress: E-MTAB-4044 (Lahtvee et al., 2016). Processed
quantitative data are in Table S2.
Proteomics Data
The LC-MS/MS proteomics data have been deposited in the ProteomeXchange Consortium (http://proteomecentral.
proteomexchange.org) via the PRIDE partner repository (Vizcaı́no et al., 2013) and can be retrieved using the dataset identifier
PRIDE: PXD005041. Processed quantitative data are in Table S3.

Cell Systems 4, 1–10.e1–e5, May 24, 2017 e5

