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Novel insights into gene expression regulation during meiosis
revealed by translation elongation dynamics
Renana Sabi1 and Tamir Tuller
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The ability to dynamically control mRNA translation has a great impact on many intracellular processes. Whereas it is believed that
translational control in eukaryotes occurs mainly at initiation, the condition-speciﬁc changes at the elongation level and their
potential regulatory role remain unclear. Using computational approaches applied to ribosome proﬁling data, we show that
elongation rate is dynamic and can change considerably during the yeast meiosis to facilitate the selective translation of stagespeciﬁc transcripts. We observed unique elongation changes during meiosis II, including a global inhibition of translation
elongation at the onset of anaphase II accompanied by a sharp shift toward increased elongation for genes required at this meiotic
stage. We also show that ribosomal proteins counteract the global decreased elongation by maintaining high initiation rates. Our
ﬁndings provide new insights into gene expression regulation during meiosis and demonstrate that codon usage evolved, among
others, to optimize timely translation.
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INTRODUCTION
For over decades, most of the gene expression studies were based
on transcript levels measured by techniques such as microarrays
and RNA-seq.1 The development of ribosome proﬁling in 20092
allowed for the ﬁrst time a high-resolution view into in vivo
translation on a large scale. In the past few years, ribosome
proﬁling has rapidly become a widely used tool for studying
messenger RNA (mRNA) translation, yielding an increased number
of studies on gene expression regulation at the translational
level.2–11
In the context of translation regulation, however, a major focus
is dedicated to the initiation phase and little is known about the
unique role of the elongation phase. Speciﬁcally, whereas
translation initiation is believed to be the major regulatory phase
that dictates translation rates, translation elongation is rather
assumed to occur at ﬁxed rates and thus, not to play a role in a
condition-speciﬁc translational control.12–17 Nevertheless, the idea
that elongation rates can change under different conditions has
been previously proposed. For example, simulation of translation
based on the ribosome ﬂow model in S. cerevisiae revealed that
changes in the tRNA pool due to different levels of available
glucose in the media lead to changes in the decoding rate of
different codons.18 Another study by Frenkel- Morgenstern et al.,19
have suggested that cell cycle-regulated genes may use different
synonymous codons to adjust their adaptation to the varying
tRNA pool during the cell cycle; raising the prospect that
elongation rates can vary in a functional manner. However, there
is currently no direct, in vivo evidence regarding codon-speciﬁc
changes in the typical decoding rates along multiple conditions.
A useful experiment for studying in vivo translation under
different conditions is ribosome proﬁling. However, this approach
provides information on the translation process as a whole,
without isolating the speciﬁc contribution of the translation
elongation stage from other gene expression aspects. Speciﬁcally,
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during the processing of ribosome proﬁling data, the positions of
translating ribosomes are mapped over the entire transcriptome,
producing transcript-speciﬁc ribosomal footprint-count proﬁles.
Ideally, each proﬁle is expected to provide a full picture of the
decoding time at each position along the transcript.2 In practice,
however, the generated read count (RC) is a superposition of
transcript levels, initiation rates, elongation rates, noise and
experimental biases.20–22 In addition, ribosomal footprints are
mapped only to a very partial subset of codon positions mainly
occurring within highly expressed genes,21–23 thus, restricting the
ability to analyze all genes including very lowly expressed ones.
In this work, we analyze for the ﬁrst time, the elongation rates of
all S. cerevisiae genes in multiple time points/conditions during
sporulation, based on the estimation of the Mean of the Typical
codon Decoding Rate (MTDR).23,24 Using a mathematical and
statistical model applied to ribosome proﬁling data, the MTDR
extracts the speciﬁc component related to the elongation phase of
translation, estimating the typical elongation rates of each codon.
To investigate translation elongation rates under different
cellular conditions, we analyzed MTDR calculated based on
ribosome proﬁling data sampled throughout meiosis in yeast.4
Meiosis is a conserved specialized form of cellular division,
essential for sexual reproduction in nearly all eukaryotes.
Particularly, it is of great importance in the production of genetic
diversity and in the maintenance of a correct number of
chromosomes in the progeny (reviewed in25). In single-celled
budding yeast, Saccharomyces cerevisiae, meiosis is part of the
process of sporulation which is initiated by transferring diploid
yeast cells onto a nutritionally unbalanced medium. Starved for
nitrogen and carbon, a diploid yeast cell undergoes a two-step
nuclear division process, producing four haploid genetically
distinct daughter cells. These products are packaged into spores
within which they enter a dormant stationary phase. To enable a
rapid response to the wide range of environmental changes that
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occur during meiotic sporulation, a tight control over gene
expression is acting at both, the transcriptional26,27 and posttranscriptional levels.4,28–30 Speciﬁcally, a major study by Brar and
co-workers has demonstrated a pervasive and dynamic translational control during the yeast meiotic sporulation program using
ribosome proﬁling experiments on sporulating S. cerevisiae cells.4
Here, we applied the MTDR approach to the ribosome proﬁling
data generated by Brar et al. to study the unique and dynamic role
of translation elongation in translational control during meiosis.
This work presents for the ﬁrst time, a genome-wide study of
translation elongation in multiple conditions based on the analysis
of in vivo translation.
RESULTS
Estimating translation elongation rates from ribosome proﬁling
data
Our analyses rely on the separation of translational data obtained
from ribosome proﬁling into elongation and initiation (general
description of the approach is described in Fig. 1a). To this end, we
utilize the MTDR, a novel estimation of translation elongation
efﬁciency based on the analysis of ribosome proﬁling data.23
MTDR calculation consists of the following major steps: (1)
generating codon-speciﬁc histograms of ribo-seq RC; (2) ﬁtting
each histogram into an exponentially modiﬁed gaussian, a
superposition of a normal distribution and a negative exponential
distribution; (3) using the maximum-likelihood estimation (MLE) to
infer the mean of each normal distribution, which represents the
mean of the typical decoding rate of each codon. The ﬁrst stage of
the MTDR calculation seeks to learn the footprint count
distribution of each codon. To this end, RC proﬁles with a low
coverage are ﬁltered, and the remaining are chosen to consist a
reliable reference set of proﬁles (distribution of the coverage is
visualized in Fig. 1b). Then, each proﬁle within the set is
normalized by its average RC, enabling the comparison of RC
originated from genes with different mRNA levels and initiation
rates. In the next step, per-codon histograms are generated by
going over each normalized footprint count (NFC) proﬁle and
collecting the NFC values in all occurrences of the codon. These
NFC histograms are expected to represent the distribution of the
decoding time of each codon and they resemble a log-normal
distribution which is shaped as a normal distribution with a
skewed right tail. It has been shown in24 that simulating
translation without considering ribosomal pauses yields codon
decoding rates that are normally distributed, suggesting that the
right tail represents non-typical decoding rates; these can stem
from either biases, trafﬁc jams or extreme pauses. Thus, the
second major stage aims at separating typical NFC values from
non-typical, extreme values. This separation is achieved by
decomposing the distribution into two components: a normal
distribution corresponding to the typical decoding rate (TDR), and
a negative exponential distribution corresponding to non-typical
decoding rates (Methods).
In the ﬁnal stage, the typical elongation time of each codon is
estimated by the mean of the normal distribution component.
Once all 61 codon decoding rates are inferred, per-gene MTDR is
calculated for all genes by the geometric mean of the TDR of its
codons.
Fluctuations in the typical decoding rates throughout sporulation
peaking at meiosis II
Calculations of TDR for all 61 coding codons at 27 time points
along meiotic sporulation revealed prominent ﬂuctuations in the
typical decoding rates during meiosis (Fig. 2a). The relative
variability in the TDR during meiosis quantiﬁed using the
coefﬁcient of variation (CV), turned out to be codon-speciﬁc,
varying from a minimum of 7% for the histidine codon, CAC, to
npj Systems Biology and Applications (2019) 12

Fig. 1 a Flow chart describing research approach: Ribo-Seq
footprints at multiple time points were retrieved and mapped to
the transcriptome. Positional RC proﬁles were generated and
ﬁltered. Each RC proﬁle was normalized by its average RC, producing
a transcript-speciﬁc NFC proﬁle. For each codon, NFC values were
collected from all NFC proﬁles, and per-codon histograms were
generated. Using the MLE criterion, the histograms were ﬁtted to an
exponentially modiﬁed gaussian (EMG) distribution and the typical
decoding rate of the codon was determined by the µ parameter.
Finally, the MTDR of each gene was calculated by the mean of the
typical decoding rates of its codons. Initiation rates were inferred
using an optimization approach based on the totally asymmetric
exclusion process (TASEP) model. The per-codon TDR and the
ribosomal density were calculated based on the ﬁltered ribo-seq
proﬁles and ribosome occupancy data (details in the Methods). mRNA
levels were calculated based on RNA-seq experiments performed at
multiple time points along the yeast meiotic sporulation program.4
b Coverage of the RC proﬁles are shown on a violin plot. Values
correspond to the raw sequencing data produced by Ribo-seq. Time
points labels appear as in.4 Median values are denoted by blue
squares and mean values by orange “+“ symbol

114.88% for the asparagine codon, AAT (Fig. 2a, bottom).
Particularly, AAT (asparagine) and CGA (arginine) showed the
highest variability amongst all codons. However, whereas the TDR
of CGA showed ﬂuctuations during most time points, the high CV
of AAT was driven almost entirely by a dominant change at the
onset of anaphase II. With respect to rank changes, the most
dramatic shift was observed for two Arginine codons, CGA and
CGG, which changed their rank from the lowest to the highest at
least at one time point during meiosis. Intriguingly, both are
known to be rare codons characterized by extremely low
decoding rates under normal vegetative growth (Methods). The
TDR rank of CGG, for example, had increased from the lowest rank
at the vegetative growth phase, to the highest possible TDR rank
at the onset of Metaphase I. A table summarizes all calculated TDR
of the 61 codons at each of the 27 analyzed time points is
provided as Supplementary Table 1.
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Fig. 2 a Changes in codon decoding time during meiosis. Rows represent time points along sporulation and columns represent codons. To
enable the comparison of TDR calculated at different time points, TDR are ranked at each time point. Blue and red entries correspond to low
and high decoding rate, respectively. Codons are ordered according to a hierarchical clustering based on Euclidean distance. Below is the CV
(%) corresponding to the relative variability in the TDR rank of each codon (“Methods” section). b Spearman’s rank correlations of codons’ TDR
with CAI (top) and tAI (bottom) at each time point. Bars fall within meiosis II are colored in green and the area is shaded in gray. Signiﬁcant
correlations (p < 0.05) are designated by asterisks. c. The per-codon ratio between the total frequency of occurrences in all transcripts at
vegetative growth, and at each other time point (Methods). Ratios are standardized per codon by the average over the time points. d
Distribution of the CV in TDR of codons with the highest and lowest CAI; Methods). Medians are marked by horizontal red lines. P-value
corresponding to the statistical difference between the medians is denoted. e Changes in the average TDR per-amino acid during meiosis.
Rows represent time points along sporulation and columns represent amino acids. A dendrogram of the hierarchical clustering of the amino
acids based on their average TDR pattern is shown above. f Distribution of the CV in TDR of amino acids with slow and high TDR at the
vegetative growth time point. Medians are marked by horizontal red lines. P-value corresponding to the statistical difference between the
medians is denoted. P-value remained signiﬁcant after sampling equal number of RC for each codon (Supplementary Figure 2, Methods
section)

Genomic/static measures of codon usage bias such as the tRNA
Adaptation Index (tAI)31 and the Codon Adaptation Index (CAI)32
(Supplementary Tables 2-3) turned out to be positively correlated
with the TDR of codons at most time points of meiotic sporulation.
However, in 8 of the 27 analyzed time points, tAI and CAI
exhibited negative Spearman’s rank correlations with decoding
rates, implying that TDR cannot be trivially explained by codon
usage bias. Prominently, the negative correlations were observed
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along two sequential meiotic stages, the metaphase II and the
anaphase II (Fig. 2b).
Aiming at further understanding the factors affecting the
observed decoding rates, we quantiﬁed the demand of each
codon by its frequency in all presented mRNA at a given time
point (Methods, Supplementary Table 4). Clearly, it can be
observed that rare codons (in the genome) are signiﬁcantly more
overrepresented in the mRNAs presented in the cell during
meiosis II, indicating an increased demand for these codons
npj Systems Biology and Applications (2019) 12
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(Fig. 2c). Alternatively, frequent codons (in the genome) seem to
rather be underrepresented at these stages (Fig. 2c).
To test whether the extent of ﬂuctuations in TDR during meiosis
is associated with codon usage bias, we compared the CV in TDR
of rare and frequent codons (lowest and highest CAI, respectively;
Methods) using a right-tailed Wilcoxon rank sum test. The group
of rare codons turned out to be the least homogenous in this
manner (median CV of 76.7% compared to 40.15% for the
‘frequent’ group, p = 2.34·10−5, Fig. 2d). Medians remained
signiﬁcantly different also after controlling for the different
number of NFC values sampled for each codon (Methods,
Supplementary Figure 1).
Seeking to determine whether changes observed at the codon
level are speciﬁcally linked to changes at the amino acid level, for
each amino acid at each time point, we calculated the mean
decoding rate over its synonymous codons such that each codon
contributes to the average TDR according to its genomic
frequency (Methods). Although the Pearson correlation between
the TDR pattern of codons and the TDR pattern of their
corresponding amino acids was high (r2 > 0.67, p < 10−323, not
including amino acids with only one codon), the TDR pattern
observed at the amino acid level was generally more homogenous than the one observed at the codon level (Fig. 2e).
However, asparagine (N) showed prominently high variability (CV
of 108.1%). The most extreme shift in the average TDR was
observed for asparagine (N) and arginine (R), who changed their
rank from the top decile to the bottom at least at one time point
during meiosis. In fact, asparagine and arginine are encoded by
AAT and CGA respectively, which turned out to be the most
variable codons.
As nitrogen and carbon are crucial components of all amino
acids that become limited during sporulation,33 we speculated
that the average TDR of amino acids which were already limited
prior to meiosis, would be the most affected. Thus, we compared
the relative change in the average TDR (in terms of CV) of the ﬁve
amino acids with the highest TDR rank in the vegetative growth
time points and the and the ﬁve amino acids with the lowest
vegetative rank. Strikingly, the CV of the amino acids with the
highest vegetative rank was higher (p = 0.0022, Fig. 2f).
Dynamics in the elongation rates of genes during meiosis is
related to their function
Given that MTDR represents an estimation of the elongation rate
of codons, our analysis implies that the elongation rates of
individual genes might be selectively affected during the different
developmental stages of meiosis. To investigate this, we
calculated MTDR for all S. cerevisiae genes in all 27 analyzed time
points (Supplementary Table 6). To enable the comparison of
different time points, all MTDR values were normalized for the
time point and z-scores were obtained for each gene (Methods).
Unsupervised clustering of the genes revealed 21 clusters, 7 of
them turned out to emerge from functionally related groups
(Fig. 3a).
Whereas different statistical measures based only on RC proﬁles
require sufﬁcient coverage, MTDR can be calculated for any input
sequence, regardless of the depth of its RC proﬁle coverage.
Speciﬁcally, our analysis included all 6,579 budding yeast genes
(excluding paralogous; Methods). Considering that, it is speciﬁcally
important to emphasize clusters with very lowly expressed genes
that cannot be captured by RC-based analysis. As can be
prominently visualized in Fig. 3a, for example, we identiﬁed a
large cluster of 1,497 genes (C1), all translated with very low
elongation rates at most stages of meiosis (corresponding average
RC coverage varies between 5% and 35%, depends on the time
point). Interestingly, C1 turned out to be signiﬁcantly enriched for
genes involved in sister-chromatid segregation, precisely coherent
with its sharp time point-speciﬁc shift toward increased
npj Systems Biology and Applications (2019) 12

elongation rate at the onset of anaphase II (Fig. 3b). The possible
functional effect of the elongation rates of the C1 genes on the
translational status, was further examined using whole cell
simulation of translation that includes all the mRNA and
ribosomes in the S. cerevisiae cell. Speciﬁcally, translation at the
anaphase II onset was simulated twice: ﬁrst, with the original
genome and second, with a randomized version of the genome in
which the codon composition of the C1 genes was randomly
generated according to the genomic codon usage bias (Methods).
Changing the synonymous codons in C1 resulted in a decrease in
both, the pool of free ribosomes and the average translation rates
(Supplementary Figure 3), which are expected to have very
signiﬁcant effect on the ﬁtness of the organism.
Another prominent cluster of similar size (1,228 genes) but
fundamentally different MTDR pattern, was C2 (Fig. 3a). In contrast
to C1, C2 was mainly composed of highly expressed genes,
translated with high elongation efﬁciency during most time points
of meiosis. Consistently, functional enrichment analysis revealed
that C2 is most signiﬁcantly enriched for cytoplasmic translation
(p = 1.7·10−86), and other housekeeping functions such as
oxidation-reduction process (p = 3.3·10−44). Considerably low
elongation rates of C2 genes were observed at the late phase of
anaphase I, the middle phase of metaphase II and most
prominently, at the onset of anaphase II (Fig. 3b). Strikingly,
C3 showed an opposite pattern, presenting almost a perfect
mirror-image of C2 (Fig. 3a). Most of the enriched annotations in
C3 were related to non-translational aspects of gene expression
and metabolic regulation such as transcription, splicing and
phosphorylation. This may suggest that C3 genes act to regulate
the decreased elongation levels of the housekeeping genes in C2
at the transcriptional and post-translational level. All enriched
clusters and their corresponding gene annotations are detailed in
Supplementary Table 7.
Seeking to determine whether similarity in the TDR of genes
may be partially associated with the amino acid content of their
proteins, we calculated the local pairwise alignment between
every pair of genes within each cluster. Comparison of the
alignment scores with the scores obtained for random group of
genes of the same size, revealed a signal of AA similarity for
clusters C1, C3, C5, and C9. These clusters turned out all to also be
functionally enriched. The average score for these clusters was
signiﬁcantly higher than for random (p value < 0.01). This result
suggests additional possible association between mutual elongation and protein functions.
To further show that changes in elongation rates encapsulate
biological information, we calculated the correlations between the
meiotic MTDR pattern of each pair of genes (MTDR co-score,
Methods section). The obtained correlation revealed that genes
associated with protein–protein interactions (PPI) tend to have
more similar MTDR pattern than genes of non-interacting proteins
(Spearman’s rank correlation of 0.206, p < 10−323, Fig. 3c). MTDR
co-scores of interacting proteins turned out also to correlate with
the PPI strength score (Fig. 3d), which represents the conﬁdence
level of the protein–protein interaction (Methods).34
Positive regulation of the anaphase II pathway at the level of
translation elongation, translation initiation and transcription
Anaphase II is the third stage of the second meiotic division in
which the two sister chromatids of each chromosome separate
and begin to move towards the opposite spindle pole body.
Segregation of sister chromatids requires the removal of a stable
cohesion complex that holds them at the centromeric region.
Although the major cascade required for the removal of the
cohesion in anaphase II is well established (depicted in Fig. 4a), the
complete gene expression regulation at this time point has yet to
be fully understood. Following the unique MTDR dynamics
observed at the onset of anaphase II, we decided to further
Published in partnership with the Systems Biology Institute
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Fig. 3 a Unsupervised clustering of the genes by the relative changes in MTDR along meiosis. MTDR were standardized to bring all time
points to the same average so that z-scores represent the distance from the time point-average in terms of standard deviation. For each time
point, z-scores greater/lower than the time point-average are shown in red/blue, respectively. Clusters are ordered by their size, from the
largest to the smallest (from left to right). Meiotic stages are labeled to the left of the corresponding time points (rows). Top gene annotations
enriched within C1, C2 and C3 are listed to the right, sorted based on their p-values (from the most signiﬁcantly enriched to the less). b Mean
MTDR values along meiosis for clusters C1 (black) and C2 (gray). The sharp opposite pattern observed at the onset of anaphase II is shaded in
orange. c Distributions of MTDR co-scores for genes signiﬁcantly associated with PPI (blue) versus genes of non-interacting proteins (gray).
The p-value represents the difference between the medians of the two distributions. d Spearman’s rank correlation between MTDR co-score
and PPI strength score. The correlation is based 21,638,331 points (corresponding to all possible pairs of the analyzed genes. Linear ﬁtting of
the points is denoted by an orange line

investigate the translational regulation at this time point. To this
end, we compared rates of transcription, translation initiation and
translation elongation for the genes involved or regulated in the
anaphase II phase. Whereas elongation rates could be easily
assessed for any given gene based on the MTDR, transcription and
translation initiation rates (IR) were both dependent on the
availability of ribo-seq and mRNA-seq data (see details in the
Methods section). Within anaphase II genes, we distinguished
between two groups: genes that are expected to undergo
upregulation during anaphase II (i.e. promote the progression of
anaphase II) and those expected to undergo downregulation at
this time point (i.e. interfere with the progression of anaphase II,
Methods). Remarkably, at the onset of anaphase II, the expected
upregulated genes showed increased transcription and translation
levels (all-p < 10−2, Fig. 4b). The expected downregulated genes
on the other hand, did not show decreased expression rates
(Supplementary Figure 4). However, since the cohesion is removed
only after several processes including phosphorylation followed
by cleavage of the Rec8 subunit, we speculated that the
expression levels of genes acting to preserve the cohesion may
Published in partnership with the Systems Biology Institute

decline only towards the end of anaphase II. To test this
conjecture, we calculated the expression rates of the expected
downregulated group also in a late time point during anaphase II
(Methods). Indeed, some of the expected downregulated genes
showed decreased expression rates only late at anaphase II (Fig.
4c, d). Rec8 for example, which holds the cohesion complex
together and must undergo phosphorylation prior to being
cleaved by separase, was found in high levels at the onset of
anaphase II (Fig. 4c). However, at the late anaphase II, it decreased
in all levels (Fig. 4d). Generally, whereas transcript levels exhibited
a relatively homogenous pattern, MTDR and IR showed more
subtle ﬂuctuations (Fig. 4c, d).
Ribosomal proteins exhibit low elongation rate at anaphase II but
maintain high initiation rate during all meiosis stages
Owing to their fundamental role in translation, ribosomal proteins
undergo selection for efﬁcient elongation that consumes less
ribosomes and improves cellular ﬁtness. However, at meiosis II, the
most efﬁcient codon usage is inversely correlated with the usage
in other time points. Thus, their elongation rate is lower at this
npj Systems Biology and Applications (2019) 12
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Fig. 4 a Initiation of anaphase II occurs with the ubiquitination of the anaphase-promoting complex/cyclosome (APC/C). Once activated, the
APC/C targets Securin (Pds1) for degradation, enabling the activation of separase (Esp1) which targets Rec8 for cleavage. Shugoshin protein
(Sgo1) in complex with protein phosphatase 2A (PP2A) and its regulatory subunit Rts1 protect the cohesion until the onset of anaphase II.88,89
Hrr25 and Cdc14 contribute to the phosphorylation of Rec8 which is important in the cohesion cleavage.80–82 b The statistic describes the
percentage of expected upregulated genes with increased rate at the onset of anaphase II (relatively to the average rate, z-score > 0). Gray
bars represent the mean percentage based on 100 randomization, error bars represent the standard deviations (Methods). Corresponding pvalues comparing the real and random numbers are denoted. c, d Relative rates (z-scores) of transcription, translation elongation and
translation initiation for genes participating in early c and late d anaphase II. The expectedly upregulated genes (purple labels) are separated
from the expectedly downregulated ones (green labels) by a vertical dashed line. Red x symbols denote genes for which IR could not be
inferred

stage (Fig. 5, left). Despite the net decrease observed at the level
of translation elongation at the end of anaphase I, at metaphase II
and at anaphase II, the ribosomal proteins turned out to maintain
relatively high IR in all time points, enabling translation to proceed
during the different meiotic stages (Fig. 5, right).
DISCUSSION
Throughout the cell cycle, certain proteins need to be synthesized
rapidly and in higher abundance to ensure the intact progression
of each phase.4,19,35,36 In addition to other mechanisms such as
npj Systems Biology and Applications (2019) 12

transcriptional and posttranslational regulation, cells exert a tight
control over mRNA translation. The ability to adjust translation
rates for mRNAs presented in the cell in comparable abundance,
enables a dynamic and rapid adaptation to sudden protein
demand. Here we suggest that the elongation phase of translation
also plays a functional and dynamic role in the regulation of mRNA
translation during meiosis. Speciﬁcally, we show that changes in
translation elongation efﬁciency during the yeast sporulation
program ensure that transcripts of stage-speciﬁc proteins are
selectively translated with higher efﬁciency. However, changes in
translation elongation may contribute to the organism ﬁtness not
Published in partnership with the Systems Biology Institute
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Fig. 5 Translation elongation rates (left) and initiation rates (right) of the ribosomal proteins during meiosis. Each column represents a
ribosomal protein and each row represents a time point along meiosis. Elongation rates are quantiﬁed by MTDR. Ribosomal MTDR and IR are
represented by their rank among all genes such that blue and red entries represent low and high rates, respectively, relatively to the rates of
all other genes. Yellow entries correspond to proteins for which initiation rates could not be inferred at speciﬁc time points (Methods)

only through directly affecting the protein levels of genes. Among
others, improved elongation rates can decrease error rate during
translation,37 decrease trafﬁc jams to promote better allocation of
ribosomes,38 or affect mRNA degradation rate.39,40
The novelty of this study is reﬂected by the following three
aspects: (1) The study is speciﬁcally focused on translational
control at the elongation stage; (2) It provides a condition-speciﬁc
view of elongation, differently from currently existing works which
analyze elongation rates based on static/steady state conditions;
(3) All S. cerevisiae genes are analyzed, including very lowly
expressed genes which are harder to be ‘captured’ based on
experiments only.
The decoding time of codons along the analyzed time points
exhibited a dynamic, time point-speciﬁc pattern that could not be
trivially explained by codon usage bias quantiﬁcations. The
substantial changes in the decoding time of several codons from
the highest to the lowest ranks, demonstrate a strong ﬁne-tuning
regulation of elongation in response to environmental changes.
Particularly, the effect of rare codons on elongation regulation was
found to be more condition-speciﬁc than the effect of frequent
codons. At the amino acid level, the most extreme changes were
observed for asparagine, which was found to have slow decoding
rates during most stages of meiosis, but a relatively high decoding
rate at the onset of anaphase II. Intriguingly, intracellular
asparagine levels were found to play a critical role in cancer cell
growth and proliferation.41–43 Furthermore, it was shown that lowasparagine diet could slow down the spread of breast cancer.44
Being the restrictive factor of the process, further limiting their
levels in cancer cells may slow down the cancer growth rate. It is
possible that mitosis and meiosis share some global translational/
metabolic aspects and thus, amino acids that are found in limited
levels during meiotic cell division (and hence, induce slow
decoding rates) might also be limited during cancer cell growth.
Intriguingly, we found that Rec8 has increased elongation and
initiation rates at the onset of anaphase II, although it was found
in very low mRNA levels. It is possible that the efﬁcient elongation
may not be directly related to improved protein levels (despite the
general correlation between these two variables). For example, it
is possible that due to its functionality (e.g. various PPI with other
proteins expressed at anaphase II), it undergoes selection for
certain protein structures that are dictated by speciﬁc amino acids
that induce the codons with the elevated elongation rates at this
time point. However, although seemingly, Rec8 does not have to
be synthesized at anaphase II, it is also possible that it has
additional roles that can be further investigated. Indeed, several
studies have raised the prospect for a cohesion formation in
Published in partnership with the Systems Biology Institute

additional time points after the s-phase45,46 and suggested that its
full function is not completely understood.47
Overall, the ﬂuctuations in the codon elongation rates were, in
most cases, compatible with those observed at the amino acid
level. This may suggest that the shifts towards low TDR observed
for certain codons, may be a consequent of slow amino acid
metabolism or poor aminoacylation. It was indeed shown early on
that the intracellular amino acid pool can change substantially
under different growth conditions.48 Speciﬁcally, meiosis is
initiated by an extracellular signal of deprivation in nitrogen and
carbon,33 crucial components of all amino acids. Here we suggest
that amino acids that were already limited in the pool prior to
meiosis, have a greater effect on the decoding time of their
codons. Other codon-related factors, such as the tRNA pool which
can considerably change during the cell cycle, may also affect the
actual TDR.19 Another potential cause for the changes in the TDR
can be related to modiﬁcation of the ribosome. Speciﬁcally, it is
possible that changes in the ribosome during meiosis (e.g. via RNA
modiﬁcations49) can affect the relative elongation speed of the
different codons.
Today we understand that the elongation speed can affect
protein folding during a co-translational folding process.50,51
However, measuring and modeling this process is very challenging and is currently assumed to be static52 (i.e. not to vary across
different conditions). Thus, a potential future study can utilize the
resultant changes in the elongation rates to study their relation to
changes in the protein structure and folding, seeking to determine
whether this relation can be condition-speciﬁc. The fact that the
TDR pattern of interacting and non-interacting proteins turned out
to be signiﬁcantly different, provides additional and more general
association between protein function and elongation speed. Such
a relation can be explained, indirectly, based on the idea that
follows: Genes associate with PPI are required to act together at
the same time point and are thus expected to have similar protein
abundance in the cell.53 To produce similar protein levels, these
genes undergo similar translation and thus, have also similar
elongation rates.
Importantly, the positive relation between translation rate and
protein levels remains also when protein degradation is part of the
regulation.18 However, incorporating large-scale measurements of
degradation rates during meiosis can provide an interesting layer
to the analyses. Nevertheless, measuring protein degradation
remains a challenging task as for a given organism, proteomic
data is usually available for approximately only half of the proteins
(the most highly expressed,54). Thus, there is currently no
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approach to infer protein degradation rates for all proteins in all
cell cycle steps.
Interestingly, at several time points in meiosis II, the estimated
elongation rates were inversely correlated with those found in
other time points. We suggest that housekeeping genes that are
generally required for translation (such as ribosomal genes)
undergo an evolutionary selection for codons optimally adapted
to the standard/normal tRNA pool and thus, tend to be highly
expressed at most time points along the cell cycle. Alternatively,
genes required speciﬁcally only at several time points (such as
anaphase II), have adopted non-optimal codon usage that would
ﬁt the unique tRNA pool presented in the cell at these time points.
Nevertheless, the fact that a subset of genes is not regulated at
the translation elongation level at a certain time point, does not
imply that it does not regulated at all. It is plausible that the same
genes are regulated at both anaphase I and II, but the regulation is
not at the elongation level. Other types of regulation can be
related, for instance, to global higher translation initiation at
anaphase I, post-translational regulation, and protein or mRNA
degradation. Considering transcript levels to determine the
dynamic codon demand has revealed that rare codons are
required signiﬁcantly more than frequent codons during meiosis II.
The idea that codon usage may induce cell cycle-dependent
protein demand is supported by previous observation of enriched
non-optimal codon usage in sets of cell-cycle-regulated genes.19
Here, however, we provide a high-resolution description regarding
the way such codons regulate relevant pathways in meiosis. Since
rare codons (which are usually slow) are expected to be the
bottleneck of the translation rate along an mRNA, their modulation should have the largest effect on translation. Thus, an efﬁcient
way to control translation would be via elongation modulation of
rare codons.
Improving the elongation speed of the rare codons for the
genes that encode the proteins that are required at the onset of
anaphase II is expected to improve their expression. It has been
previously suggested that highly expressed mRNAs tend to
include faster codons (that induce faster elongation) due to
various reasons: First, faster codons lead to a direct increase in the
translation rate and thereby, in the protein levels of their
transcript.55–61 Second, ribosomes spend less time on faster
codons. Thus, the usage of faster codons decreases the ribosomal
density, which is speciﬁcally important for genes with many
mRNAs. Faster codons on such genes should have a signiﬁcant
effect on minimizing the amount of energy required for
translation via improving ribosomal allocation.62–64 Third, it is
believed that the probability of translational errors and protein
misfolding is generally reduced for faster codons.37,61,65 Since the
negative effect of such errors is expected to be stronger for highly
expressed genes, they are expected to undergo selection to
include faster codons.
Since the cellular resources required for translation are limited,
the translation of the large cluster of genes with fast elongation
rates at the anaphase II, is expected to slow down the translation
of other genes. Indeed, we observed a general translational
repression at the elongation level at the onset of anaphase II. It
has been already shown that during mitotic cellular division,
global translation is inhibited at the 5’ cap-dependent initiation
level66–68 so the ribosome accesses mRNAs independently of the
cap-binding protein eIF4E using a cis-regulatory element known as
the internal ribosome entry site (IRES).12,69 It was also shown that
during mitosis translation is globally arrested at the elongation
level.70 Here we suggest that translational repression at the
elongation level also occurs at the onset of anaphase II, in line
with the fact that the second meiotic division resembles mitosis in
a manner that similar forces and attachments operate in both.71
Despite a net decrease in translation elongation at the onset of
anaphase II, the translation initiation rates of the ribosomal
proteins turned out to be maintained at relatively (to other genes
npj Systems Biology and Applications (2019) 12

in these conditions) high levels. It is thus plausible to suggest that
cells exert a mechanism to maintain high initiation rates for the
ribosomal proteins to compensate their reduced elongation due
to non-optimized codons.
While several recent studies suggested that elongation may
contribute to translation regulation,72 our ﬁndings demonstrated a
high-resolution functional and dynamic role for translation
elongation in translational control under different developmental
and cellular conditions. The codon-based calculation of the MTDR
allowed us to perform a genome-wide analysis that include very
lowly expressed genes that otherwise could not be analyzed
based on direct ribosome proﬁling measurements. Along with a
better understanding of evolutionary constraints and novel
insights into gene expression regulation during meiosis, this work
also provides a practical implication on gene expression
engineering by which translation elongation should be an
important consideration in the engineering of any intracellular
system that involves gene expression optimization.
METHODS
Ribo-Seq data
Ribosome footprints and mRNA-seq sampled through the 27 time points
in4 were retrieved from https://www.ncbi.nlm.nih.gov/geo/ with series
accession number GSE34082. Reads of both, footprints and RNA, were
mapped according to the mapping approach described in.21

MTDR calculation
Codon decoding rates were calculated according to the stages described
in.23,24 As in,23 the ﬁrst and last 20 codons were excluded from the pergene NFC proﬁles in order to account for potential biases related to these
regions. The coverage (in percent) for each proﬁle was calculated based on
the ﬁltered proﬁles and only genes with a coverage of at least 40% were
included in the subset. In addition, the minimal number of occurrences for
each codon was set to 100. Our results, however, remained robust also for
small changes in these thresholds. Based on this subset of genes, percodon NFC distributions were generated. As been shown in,24 the NFC
distribution of a codon can be represented by an EMG distribution, a
superposition of two distributions: a normal distribution characterized by
mean μ and variance σ2, and a negative exponential distribution with rate
parameter λ. While the normal component describes the typical decoding
time of the codon, the exponential component describes the non-typical
decoding time. The non-typical component can be a result of noise and
biases, or may be related to relatively rare phenomena of translational
pauses and ribosomal interactions such as trafﬁc jams. Although these rare
phenomena can be of biologically meaningful, the exponential component
is ﬁltered since the non-typical rates it represents, are not suitable for
estimating elongation in genes that do not have ribo-seq measurements.
The parameters μ, σ2, and λ were estimated by ﬁtting the measured NFC
distributions to the EMG distribution, under the log-likelihood criterion.23
The typical decoding time of a codon was then determined by the mean of
the normal distribution (μ) and the typical decoding rate of a codon was
deﬁned accordingly by 1/μ. Although the TDR can be inﬂuenced also by
secondary structures along the mRNA which are expected to slow down
elongation,59 this aspect cannot be fully taken into account in our codoncentric analysis since the current models for predicting mRNA folding are
based on local RNA segments, rather than on a single codon. In addition,
these models are based on static sequence features, whereas our approach
is focused on dynamic aspects. Nevertheless, it is possible that future
techniques to measure dynamic mRNA structures generated along the
transcript will allow the consideration of mRNA folding in dynamic
decoding rates analyses. Outliers were removed from the NFC distribution
of each codon at each time point in the following way: let NFCi denote the
i-th point in the codon NFC distribution and ni be the number of points in
its distribution. We calculated the probability (pi) to see a value larger or
equal to NFCi based on the probability density function ﬁtted to the codon
(EMG distribution) and removed points for which pi* ni was lower than
0.001.
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TDR versus the median of the NFC distribution
The typical elongation rates estimated by the TDR approach were
compared to elongation rates estimated by the median of the NFC
distribution. In general, the median-based results were less signiﬁcant,
however, in agreement with the original TDR-based results. The average
Spearman’s rank correlation between the decoding rates obtained by the
approach (TDR) and the median-based rates was 0.436, for all time point
with a minimal RC coverage of 10% (Coverage distribution is presented in
Fig. 1b). In addition, clustering of the median-based genes’ decoding rates
along meiosis revealed some overlapping clusters. Particularly, the clusters
that included highly expressed genes at most time point were the most
robust clusters. For example, the TDR-based cluster C2 presented in Fig. 3a,
which turned out to be composed of translation-related genes, had a
corresponding median RC-based cluster with an overlap of 496 genes
(89%); the dominant GO term ‘cytoplasmic translation’ was also included
with a slightly higher p-value (7*10−84, compared to 1.7*10−86 in the
original cluster). More speciﬁc GO terms such as branched-chain amino
acid biosynthetic process (p-value increased from 1.1*10−10 to 2.9*10−6)
and vitamin binding (p-value has only slightly changed, from 1.5*10−6 to
1.3*10−6) were also observed. For clusters containing mainly lowly
expressed genes, the signal was much weaker, yet, in agreement with
the original cluster. For example, the TDR-based cluster C1 presented in
Fig. 3a which included functions related to the M phase and anaphase II,
had a corresponding cluster with 391 (63%) genes in common; these
genes turned out also to be enriched with functions related to M phase
(corresponding p-value increased from 1.1 × 10−27 in the original TDRbased cluster, to 7.9 × 10−10).

MTDR standardized score
To enable the comparison of MTDR between different time points while
controlling for different coverage and biases in the different time points,
MTDR values were standardized to have the same mean in all time points.
Speciﬁcally, for each time point, mean MTDR and standard deviation were
calculated based on all genes and z-scores were obtained for each gene by
taking the difference between its MTDR and the mean, divided by the
standard deviation.

Codon adaptation groups
For the analysis described in Fig. 2, two groups of codons were deﬁned
based on the per-codon CAI reported in32 (See also Supplementary Table
2). For each amino acid, we chose the codon with the maximal and
minimal CAI to construct the ‘High CAI’ and ‘Low CAI’ groups, respectively.
In order not to bias the results by including codons with no synonymous
counterparts, we ﬁltered the two codons of Methionine and Tryptophan.

tRNA Adaptation Index
The tAI of each codon was calculated based on the relative adaptiveness of
each codon as in.31 The tRNA copy number of each tRNA was retrieved
from the genomic tRNA database at http://gtrnadb.ucsc.edu/ for Saccharomyces cerevisiae s288c. The tAI values used here are provided in
Supplementary Table 3.

Coefﬁcient of Variation in TDR
For each time point, codons’ TDR were ranked from 1 to 61 (where 1
denotes the lowest TDR and 61 denotes the highest). Then, CV of the
ranked TDR was calculated for each codon using the following formula:


S TDR
 100
CV ¼
M TDR
Where M_TDR and S_TDR are the mean and standard deviation of the
ranks of the codon along the analyzed time points, respectively. The CV
calculated for the amino acids was performed in the same way.

Quantifying the dynamic demand for each codon
The genomic per-time point demand for each codon was calculated based
on the frequency of the codon in all transcripts. Speciﬁcally, the number of
occurrences of the codon in the gene was multiplied by the transcript level
of the gene (RNA-seq in RPKM4) and the product was summed over all
genes. The total frequency of each codon in all transcripts was normalized
by the total frequency of the corresponding amino acid and is provided as
Published in partnership with the Systems Biology Institute

Supplementary Table 4. Transcript levels are provided as Supplementary
Table 5.

Per-amino acid Average TDR
To estimate the per-time point TDR of each amino acid, we calculated
TDRAA, a weighted average based on the TDR of its synonymous codons in
the following way:
TDRAA ¼

n
X

wi  TDRi

i¼1

Where n is the number of synonymous codons, wi is the normalized
genomic frequency of the i-th codon (i.e., the number of occurrences of
the i-th codon normalized by the total number of occurrences of the amino
acid) and TDRi is the per-time point TDR of the i-th codon.

Clustering and functional enrichment analysis
Unsupervised clustering of genes’ MTDR (z-scores) was performed by the
CLICK algorithm73 via the EXPANDER tool version 7.1.74 Functional
enrichment analysis on the resultant clusters was performed by the
TANGO tool of EXPANDER. Paralogous gene sequences were excluded
from the clustering analysis as they share the same sequence and thus, the
same MTDR.

MTDR co-score
The co-score given to each pair of genes was calculated by:


MTDR co  scorei;j ¼ r ½tpi ; ½tpj
where [tp]i is the vector of MTDR values calculated for the i-th gene in all
time points and r is the Pearson correlation between the two MTDR vectors
of the i-th and the j-th gene.

The effect of the C1 genes on translation using the whole cell
simulation of translation
In order to examine the role of the unique elongation pattern of the C1
genes (Fig. 3) on translation at the anaphase II onset, we utilized the whole
cell simulation of translation that includes all the ribosomes and mRNAs in
the cell with parameters inferred based on ribo-seq data, to allow a good
reﬂection of in vivo translation.75 According to this model, ribosomes from
the free pool are allocated to the different transcripts presented in a cell at
a certain time point based on the initiation rates of the genes. After a
ribosome is entered, it progresses along the codons in a speed that is
determined by the elongation rate of each codon. A ribosome that
encounters a stop codon, completes translation and re-joins the free pool
(Supplementary Figure 3A). For the simulation, we set the total number of
mRNAs in the cell to 60,000, based on the number reported in.76 As the
number of ribosomes is of the order of 2*105 in a S. cerevisiae cell,77 we set
the total pool of ribosomes to 200,000.77 A chuck size of 10 codons was
used to occupy a ribosome based on the simulation in.75 We used the
initiation rates inferred here, and the TDR at the anaphase II onset as the
estimated per-codon elongation rates. To run the model at anaphase II, we
ﬁrst mapped the TDR at the exponential time point to the decoding rates
used in63 and the initiation rates at the exponential time point to those
used in75 using a linear interpolation. Then, we used the mapping on the
TDR and initiation rates on anaphase II. To test the effect of synonymous
changes of genes in the C1 cluster on the pool of ribosomes, we generated
20 versions of a randomized genome by changing the coding sequences
of the genes in the C1 cluster in the following way: for each amino acid in
each gene, we have randomly drawn a synonymous codon from a
distribution that represents the original codon demand (that is, the
genomic codon usage bias of the genome multiplied by the number of
transcripts that require it at normal vegetative growth condition). We
found that for simulation with the original C1 codons, the pool included
60,000 ribosomes while for the second case (random codons based on the
genomic distribution of codons) the average free pool over all
randomizations was decreased by 5.83% (z-score = 24.37). The size of
the free ribosomal pool is directly related to translation initiation efﬁciency
which directly, and usually linearly, affects translation rate. Indeed, the
mean estimated translation rate (over all genes) decreased on average in
6.04% (z-score = 36.65) for the randomized genomes (Supplementary
Figure 3B). Since ~80% of the intracellular energy is spent on translation,78
an increase of 6% in the free ribosomal pool should have a similar effect on
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increasing the growth rate; this is a very signiﬁcant effect in case of microorganisms.

Construction of the anaphase II pathway
The anaphase II pathway genes described in Fig. 4 were collected from
several resources including the budding yeast meiosis pathway from the
Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway database79
and additional information manually curated from recent papers.
Speciﬁcally, we included casein kinase (Hrr25) which has been very
recently shown to contribute to the phosphorylation of centromeric Rec8
at anaphase II.80 Also, based on the ﬁndings of Attner and Amon81 which
have also been experimentally supported by,82 we added the Cdc
Fourteen protein that was found to contribute to the metaphase to
anaphase transition also in meiosis II. We removed the KEGG protein Ama1
which was found to be required for the ﬁrst meiosis and spore formation
but not for the second meiosis.83

The expectedly up/down regulated genes during anaphase II
Based on KEGG79 and the additional papers used for the pathway
construction80–82, and as reviewed in,84 we classiﬁed the genes participating in the anaphase II stage of the yeast meiosis based on their expected
direction of regulation at anaphase II. During anaphase II the centromeric
cohesion which holds sister chromatid together is removed and sister
chromatids are segregated. Thus, genes whose products are expected to
promote the removal of the cohesion were classiﬁed as ‘expectedly
upregulated genes’, and genes whose products act to maintain the
cohesion, or constitute its components, were classiﬁed as ‘expectedly
downregulated genes’. Due to signiﬁcantly low RC and RNA-seq coverage,
we excluded the Doc1 protein, a member of the APC/C complex. Full lists
of these genes are presented in Supplementary Tables 9-10.

Deﬁnition of early and late anaphase II
We used the time points classiﬁcations in4 to conﬁne the anaphase II stage.
Based on the classiﬁcation, three time points fall between the stage of
anaphase II (labeled consecutively as 11, 12 and 13). For the analysis
described in Fig. 4, we set the ‘11’ time point to denote ‘early anaphase’
and the ‘13’ time point to denote ‘late anaphase’.

Statistical analysis of expression rates during anaphase II
The analysis described in Fig. 4 panels B-D was aimed at quantifying the
tendency of the upregulated group to increase early at anaphase II, and
the tendency of the downregulated group to decrease late at anaphase II.
The statistical test was performed in the following way: First, for each gene
within the expectedly upregulated group and for each tested expression
level (transcription, translation initiation and elongation), we calculated a zscore quantifying the distance in standard deviations between the rate at
the onset of anaphase II and the average rate over all time points.

PPI data
PPI network and conﬁdence scores were downloaded from the STRING
database version 10.5.34,87 For the PPI analyses, we used only proteins for
which the interaction type (as deﬁned by STRING) is of type ‘binding’.

Controlling for variability in the number of NFC per codon
The per-codon NFC distributions used for the TDR calculation, are
generated based on the occurrences of each codon in the reference set
of genes used at a given time point. Owing to their number of occurrences
in the genome, frequently used codons tend naturally to include more
points in their NFC histograms. To validate that the ﬁndings presented in
Fig. 2d are not biased by variability in size of the NFC distribution, we
sampled the same number of RC for all codons at a given time point and
repeated the statistical analyses. Speciﬁcally, the chosen number of RC was
dictated separately for each time point, by the maximum between 100 and
the minimal number of occurrences of a codon at that time point.
Importantly, all the statistical tests reported here were robust to this control.

Reporting Summary
Further information on experimental design is available in the Nature
Research Reporting Summary linked to this article.

DATA AVAILABILITY
The authors declare that the main data supporting the ﬁndings of this study are
available within the article and its Supplementary Information ﬁles. Extra data are
available from the corresponding author upon request.

ACKNOWLEDGEMENTS
Inference of translation initiation rates
To infer initiation rates during meiosis we implemented an optimization
approach using a stochastic computational model that simulates translation, the TASEP.85 According to the TASEP model of translation, the
translation rate of a given gene (along with the number of ribosomes on its
mRNA and other translational-related features) is evaluated based on
inputted initiation rate and the local translation rates of its codons. Here,
we implemented a backward approach by which we determined the
desired TASEP output and searched for the input initiation rate that would
lead to the closest output. Based on our approach, the initial initiation rate
is guessed and iteratively changed to ﬁt a predicted output number of
ribosomes. Speciﬁcally, we used ribosome occupancy data from86 to get
the expected number of ribosomes and the ribosomal density on each
mRNA under vegetative growth condition. We calculated the correlation
between ribosome occupancy and the analyzed RC data to verify
compatibility
(r = 0.4615, p = 1.17*10−275, Supplementary Figure 5). Then, we calculated
ribosomal density in reads per kilobase million (RPKM) based on the
ribosome proﬁling data sampled also at a time point during vegetative
growth4 (Supplementary Table 8). In the next step, we performed a linear
interpolation to map ribo-seq footprints average (RPKM) at each time point
into the expected number of ribosomes, which is one of the TASEP
outputs. Finally, we inputted the estimated codons’ TDR and an initial IR
guess into the TASEP, and performed a binary search to gradually change
the IR such that the number of ribosomes on the mRNA predicted by the
TASEP ﬁts the expected number of ribosomes. The output of this
procedure is an estimated initiation rate for each mRNA. As this approach
requires ribosomal density calculations, we were not able to infer time
point-based initiation rates for genes that did not produce a RC proﬁle at
the time point in question.
npj Systems Biology and Applications (2019) 12

This study was supported in part by a fellowship from the Edmond J Safra center for
bioinformatics at Tel Aviv University, by the Israeli Ministry of Science and
Technology, and by grant from the US-Israel Bi-national Science foundation (BSF).
We thank Dr. Ranen Aviner and Dr. Rachel Cohen-Kupiec for helpful comments.

AUTHOR CONTRIBUTIONS
R.S. and T.T. designed the study, analyzed the data and wrote the paper.

ADDITIONAL INFORMATION
Supplementary information accompanies the paper on the npj Systems Biology and
Applications website (https://doi.org/10.1038/s41540-019-0089-0).
Competing interests: The authors declare no competing interests.
Publisher’s note: Springer Nature remains neutral with regard to jurisdictional claims
in published maps and institutional afﬁliations.

REFERENCES
1. Barrett, T. et al. NCBI GEO: archive for functional genomics data sets—update.
Nucleic Acids Res. 41, D991–D995 (2012).
2. Ingolia, N. T., Ghaemmaghami, S., Newman, J. R. S. & Weissman, J. S. Genomewide analysis in vivo of translation with nucleotide resolution using ribosome
proﬁling. Science (80-.). 324, 218–223 (2009).
3. Gerashchenko, M. V., Lobanov, A. V. & Gladyshev, V. N. Genome-wide ribosome
proﬁling reveals complex translational regulation in response to oxidative stress.
Proc. Natl Acad. Sci. USA 109, 17394–17399 (2012).
4. Brar, G. A. et al. High-resolution view of the yeast meiotic program revealed by
ribosome proﬁling. Science (80-.). 335, 552–557 (2012).

Published in partnership with the Systems Biology Institute

R. Sabi and T. Tuller

11
5. Juntawong, P., Girke, T., Bazin, J. & Bailey-Serres, J. Translational dynamics
revealed by genome-wide proﬁling of ribosome footprints in Arabidopsis. Proc.
Natl Acad. Sci. USA 111, E203–E212 (2014).
6. Brar, G. A. & Weissman, J. S. Ribosome proﬁling reveals the what, when, where
and how of protein synthesis. Nat. Rev. Mol. Cell Biol. 16, 651–664 (2015).
7. Ingolia, N. T. Ribosome proﬁling: new views of translation, from single codons to
genome scale. Nat. Rev. Genet. 15, 205–213 (2014).
8. King, H. A. & Gerber, A. P. Translatome proﬁling: methods for genome-scale
analysis of mRNA translation. Brief. Funct. Genomics 15, 22–31 (2014).
9. Atger, F. et al. Circadian and feeding rhythms differentially affect rhythmic mRNA
transcription and translation in mouse liver. Proc. Natl Acad. Sci. 112,
E6579–E6588 (2015).
10. Caro, F., Ahyong, V., Betegon, M. & DeRisi, J. L. Genome-wide regulatory dynamics
of translation in the Plasmodiumfalciparum asexual blood stages. Elife 3, 04106
(2014).
11. Oh, E. et al. Selective ribosome proﬁling reveals the cotranslational chaperone
action of trigger factor in vivo. Cell 147, 1295–1308 (2011).
12. Pyronnet, S. & Sonenberg, N. Cell-cycle-dependent translational control. Curr.
Opin. Genet. Dev. 11, 13–18 (2001).
13. Aitken, C. E. & Lorsch, J. R. A mechanistic overview of translation initiation in
eukaryotes. Nat. Struct. Mol. Biol. 19, 568–576 (2012).
14. Hershey, J. W. B. Translational control in mammalian cells. Annu. Rev. Biochem. 60,
717–755 (1991).
15. Scheuner, D. et al. Translational control is required for the unfolded protein
response and in vivo glucose homeostasis. Mol. Cell 7, 1165–1176 (2001).
16. Gebauer, F. & Hentze, M. W. Molecular mechanisms of translational control. Nat.
Rev. Mol. Cell Biol. 5, 827–835 (2004).
17. Harding, H. P. et al. Regulated translation initiation controls stress-induced gene
expression in mammalian cells. Mol. Cell 6, 1099–1108 (2000).
18. Reuveni, S., Meilijson, I., Kupiec, M., Ruppin, E. & Tuller, T. Genome-scale analysis
of translation elongation with a ribosome ﬂow model. PLoS Comput. Biol. 7,
e1002127 (2011).
19. Frenkel-Morgenstern, M. et al. Genes adopt non-optimal codon usage to generate cell cycle-dependent oscillations in protein levels. Mol. Syst. Biol. 8, 572
(2012).
20. Dana, A. & Tuller, T. Determinants of translation elongation speed and ribosomal
proﬁling biases in mouse embryonic stem cells. PLoS Comput. Biol. 8, e1002755
(2012).
21. Diament, A. & Tuller, T. Estimation of ribosome proﬁling performance and
reproducibility at various levels of resolution. Biol. Direct 11, 24 (2016).
22. Hussmann, J. A., Patchett, S., Johnson, A., Sawyer, S. & Press, W. H. Understanding
biases in ribosome proﬁling experiments reveals signatures of translation
dynamics in yeast. PLOS Genet. 11, e1005732 (2015).
23. Dana, A. & Tuller, T. Mean of the typical decoding rates: a new translation efﬁciency index based on the analysis of ribosome proﬁling data. G3 (Bethesda). 5,
73–80 (2014).
24. Dana, A. & Tuller, T. The effect of tRNA levels on decoding times of mRNA codons.
Nucleic Acids Res. 42, 9171–9181 (2014).
25. Petronczki, M., Siomos, M. F. & Nasmyth, K. Un ménage à quatre: The molecular
biology of chromosome segregation in meiosis. Cell 112, 423–440 (2003).
26. Chu, S. et al. The transcriptional program of sporulation in budding yeast. Science
282, 699–705 (1998).
27. Chu, S. & Herskowitz, I. Gametogenesis in yeast is regulated by a transcriptional
cascade dependent on Ndt80. Mol. Cell 1, 685–696 (1998).
28. Whinston, E., Omerza, G., Singh, A., Tio, C. W. & Winter, E. Activation of the Smk1
mitogen-activated protein kinase by developmentally regulated autophosphorylation. Mol. Cell. Biol. 33, 688–700 (2013).
29. Tio, C. W., Omerza, G., Sunder, S. & Winter, E. Autophosphorylation of the Smk1
MAPK is spatially and temporally regulated by Ssp2 during meiotic development
in yeast. Mol. Biol. Cell 26, 3546–3555 (2015).
30. Berchowitz, L. E. et al. Regulated formation of an amyloid-like translational
repressor governs gametogenesis. Cell 163, 406–418 (2015).
31. dos Reis, M., Savva, R. & Wernisch, L. Solving the riddle of codon usage preferences: a test for translational selection. Nucleic Acids Res. 32, 5036–5044 (2004).
32. Sharp, P. M. & Li, W. H. The codon adaptation Index--a measure of directional
synonymous codon usage bias, and its potential applications. Nucleic Acids Res.
15, 1281–1295 (1987).
33. Mitchell, A. P. Control of meiotic gene expression in Saccharomyces cerevisiae.
Microbiol. Rev. 58, 56–70 (1994).
34. Szklarczyk, D. et al. STRINGv10: protein–protein interaction networks, integrated
over the tree of life. Nucleic Acids Res. 43, D447–D452 (2015).
35. Aviner, R., Shenoy, A., Elroy-Stein, O. & Geiger, T. Uncovering hidden layers of cell
cycle regulation through integrative multi-omic analysis. PLOS Genet. 11,
e1005554 (2015).

Published in partnership with the Systems Biology Institute

36. Li, G.-W., Burkhardt, D., Gross, C. & Weissman, J. S. Quantifying absolute protein
synthesis rates reveals principles underlying allocation of cellular resources. Cell
157, 624–635 (2014).
37. Drummond, D. A. & Wilke, C. O. Mistranslation-induced protein misfolding as a
dominant constraint on coding-sequence evolution. Cell 134, 341–352 (2008).
38. Tuller, T. et al. An evolutionarily conserved mechanism for controlling the efﬁciency of protein translation. Cell 141, 344–354 (2010).
39. Bicknell, A. A. & Ricci, E. P. When mRNA translation meets decay. Biochem. Soc.
Trans. 45, 339–351 (2017).
40. Edri, S. & Tuller, T. Quantifying the effect of ribosomal density on mRNA stability.
PLoS ONE 9, e102308 (2014).
41. Krall, A. S., Xu, S., Graeber, T. G., Braas, D. & Christofk, H. R. Asparagine promotes
cancer cell proliferation through use as an amino acid exchange factor. Nat.
Commun. 7, 11457 (2016).
42. Hettmer, S. et al. Functional genomic screening reveals asparagine dependence
as a metabolic vulnerability in sarcoma. Elife 4, pii: e09436 (2015).
43. Lorenzi, P. L. et al. Asparagine synthetase is a predictive biomarker of Lasparaginase activity in ovarian cancer cell lines. Mol. Cancer Ther. 7, 3123–3128
(2008).
44. Knott, S. R. V. et al. Asparagine bioavailability governs metastasis in a model of
breast cancer. Nature 554, 378–381 (2018).
45. Unal, E., Heidinger-Pauli, J. M. & Koshland, D. DNA double-strand breaks trigger
genome-wide sister-chromatid cohesion through Eco1 (Ctf7). Science 317,
245–248 (2007).
46. Sanchez, Y. et al. Control of the DNA damage checkpoint by Chk1 and Rad53
protein kinases through distinct mechanisms. Science 286, 1166–1171 (1999).
47. Yoon, S.-W. et al. Meiotic prophase roles of Rec8 in crossover recombination and
chromosome structure. Nucleic Acids Res. 44, gkw682 (2016).
48. Martinez-Force, E. & Benitez, T. Effects of varying media, temperature, and growth
rates on the intracellular concentrations of yeast amino acids. Biotechnol. Prog.
11, 386–392 (1995).
49. Sloan, K. E. et al. Tuning the ribosome: The inﬂuence of rRNA modiﬁcation on
eukaryotic ribosome biogenesis and function. RNA Biol. 14, 1138–1152 (2017).
50. Ciryam, P., Morimoto, R. I., Vendruscolo, M., Dobson, C. M. & O’Brien, E. P. In vivo
translation rates can substantially delay the cotranslational folding of the
Escherichia coli cytosolic proteome. Proc. Natl Acad. Sci. 110, E132–E140 (2013).
51. Rodnina, M. V. & Wintermeyer, W. Protein elongation, co-translational folding and
targeting. J. Mol. Biol. 428, 2165–2185 (2016).
52. Thommen, M., Holtkamp, W. & Rodnina, M. V. Co-translational protein folding:
progress and methods. Curr. Opin. Struct. Biol. 42, 83–89 (2017).
53. Ivanic, J., Yu, X., Wallqvist, A. & Reifman, J. Inﬂuence of protein abundance on
high-throughput protein-protein interaction detection. PLoS ONE 4, e5815 (2009).
54. Wang, M., Herrmann, C. J., Simonovic, M., Szklarczyk, D. & von Mering, C. Version
4.0 of PaxDb: protein abundance data, integrated across model organisms, tissues, and cell-lines. Proteomics 15, 3163–3168 (2015).
55. Sørensen, M. A., Kurland, C. G. & Pedersen, S. Codon usage determines translation
rate in Escherichia coli. J. Mol. Biol. 207, 365–377 (1989).
56. Gustafsson, C., Govindarajan, S. & Minshull, J. Codon bias and heterologous
protein expression. Trends Biotechnol. 22, 346–353 (2004).
57. Weiner, I. et al. Enhancing heterologous expression in Chlamydomonas reinhardtii by transcript sequence optimization. Plant J. 94, 22–31 (2018).
58. Ben-Yehezkel, T. et al. Rationally designed, heterologous S. cerevisiae transcripts
expose novel expression determinants. RNA Biol. 12, 972–984 (2015).
59. Tuller, T., Waldman, Y. Y., Kupiec, M. & Ruppin, E. Translation efﬁciency is determined by both codon bias and folding energy. Proc. Natl Acad. Sci. 107,
3645–3650 (2010).
60. Supek, F. & Šmuc, T. On relevance of codon usage to expression of synthetic and
natural genes in Escherichia coli. Genetics 185, 1129–1134 (2010).
61. Bulmer, M. The selection-mutation-drift theory of synonymous codon usage.
Genetics 129, 897–907 (1991).
62. Kudla, G., Murray, A. W., Tollervey, D. & Plotkin, J. B. Coding-sequence determinants of gene expression in Escherichia coli. Science 324, 255–258 (2009).
63. Diament, A. et al. The extent of ribosome queuing in budding yeast. PLOS
Comput. Biol. 14, e1005951 (2018).
64. Andersson, S. G. & Kurland, C. G. Codon preferences in free-living microorganisms. Microbiol. Rev. 54, 198–210 (1990).
65. Stoletzki, N. & Eyre-Walker, A. Synonymous codon usage in escherichia coli:
selection for translational accuracy. Mol. Biol. Evol. 24, 374–381 (2006).
66. Pyronnet, S., Dostie, J. & Sonenberg, N. Suppression of cap-dependent translation
in mitosis. Genes Dev. 15, 2083–2093 (2001).
67. Susor, A. et al. Temporal and spatial regulation of translation in the mammalian
oocyte via the mTOR–eIF4F pathway. Nat. Commun. 6, 6078 (2015).
68. Sivan, G. & Elroy-Stein, O. Regulation of mRNA Translation during cellular division.
Cell Cycle 7, 741–744 (2008).

npj Systems Biology and Applications (2019) 12

R. Sabi and T. Tuller

12
69. Pyronnet, S., Pradayrol, L. & Sonenberg, N. A cell cycle-dependent internal ribosome entry site. Mol. Cell 5, 607–616 (2000).
70. Sivan, G., Kedersha, N. & Elroy-Stein, O. Ribosomal slowdown mediates translational arrest during cellular division. Mol. Cell. Biol. 27, 6639–6646 (2007).
71. Miyazaki, W. Y. & Orr-Weaver, T. L. Sister-chromatid cohesion in mitosis and
meiosis. Annu. Rev. Genet. 28, 167–187 (1994).
72. Chu, D. et al. Translation elongation can control translation initiation on eukaryotic mRNAs. EMBO J. 33, 21–34 (2014).
73. Sharan, R. & Shamir, R. CLICK: a clustering algorithm with applications to gene
expression analysis. Proceedings. Int. Conf. Intell. Syst. Mol. Biol. 8, 307–316 (2000).
74. Shamir, R. et al. EXPANDER – an integrative program suite for microarray data
analysis. BMC Bioinform. 6, 232 (2005).
75. Zarai, Y. & Tuller, T. Computational analysis of the oscillatory behavior at the
translation level induced by mRNA levels oscillations due to ﬁnite intracellular
resources. PLOS Comput. Biol. 14, e1006055 (2018).
76. Zenklusen, D., Larson, D. R. & Singer, R. H. Single-RNA counting reveals alternative
modes of gene expression in yeast. Nat. Struct. Mol. Biol. 15, 1263–1271 (2008).
77. von der Haar, T. A quantitative estimation of the global translational activity in
logarithmically growing yeast cells. BMC Syst. Biol. 2, 87 (2008).
78. Forster, J., Famili, I., Fu, P., Palsson, B. Ø. & Nielsen, J. Genome-Scale Reconstruction of the Saccharomyces cerevisiae Metabolic Network. Genome Res. 13,
244–253 (2003).
79. Kanehisa, M. et al. Data, information, knowledge and principle: back to metabolism in KEGG. Nucleic Acids Res. 42, D199–D205 (2014).
80. Argüello-Miranda, O. et al. Casein Kinase 1 coordinates cohesin cleavage,
gametogenesis, and exit from M phase in meiosis II. Dev. Cell 40, 37–52 (2017).
81. Attner, M. A. & Amon, A. Control of the mitotic exit network during meiosis. Mol.
Biol. Cell 23, 3122–3132 (2012).
82. Yellman, C. M. & Roeder, G. S. Cdc14 Early Anaphase Release, FEAR, is limited to
the nucleus and dispensable for efﬁcient mitotic Exit. PLoS ONE 10, e0128604
(2015).

83. Cooper, K. F., Mallory, M. J., Egeland, D. B., Jarnik, M. & Strich, R. Ama1p is a
meiosis-speciﬁc regulator of the anaphase promoting complex/cyclosome in
yeast. Proc. Natl Acad. Sci. 97, 14548–14553 (2000).
84. Wassmann, K. Sister chromatid segregation in meiosis II: deprotection through
phosphorylation. Cell Cycle 12, 1352–1359 (2013).
85. Shaw, L. B., Zia, R. K. P. & Lee, K. H. Totally asymmetric exclusion process with
extended objects: a model for protein synthesis. Phys. Rev. E 68, 21910 (2003).
86. Arava, Y. et al. Genome-wide analysis of mRNA translation proﬁles in Saccharomyces cerevisiae. Proc. Natl Acad. Sci. 100, 3889–3894 (2003).
87. von Mering, C. et al. STRING: known and predicted protein-protein associations,
integrated and transferred across organisms. Nucleic Acids Res. 33, D433–D437
(2005).
88. Riedel, C. G. et al. Protein phosphatase 2A protects centromeric sister chromatid
cohesion during meiosis I. Nature 441, 53–61 (2006).
89. Kitajima, T. S. et al. Shugoshin collaborates with protein phosphatase 2A to
protect cohesin. Nature 441, 46–52 (2006).

Open Access This article is licensed under a Creative Commons
Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative
Commons license, and indicate if changes were made. The images or other third party
material in this article are included in the article’s Creative Commons license, unless
indicated otherwise in a credit line to the material. If material is not included in the
article’s Creative Commons license and your intended use is not permitted by statutory
regulation or exceeds the permitted use, you will need to obtain permission directly
from the copyright holder. To view a copy of this license, visit http://creativecommons.
org/licenses/by/4.0/.

© The Author(s) 2019

npj Systems Biology and Applications (2019) 12

Published in partnership with the Systems Biology Institute

