








medium was not due to any additional expression burden of
disrupted amino acid synthesis. The small cluster R7 was enriched
for genes related to pheromone activity (M-factor precursors),
signalling, and the induction of meiosis (Fig S28). Interestingly, the
signature expression across conditions for these genes (induced in
Trp, Phe, Pro, and Glu containing media) mirrored that of Mae2 (Fig
S4F), which removes excess carbon from the TCA cycle. As meiosis is
usually induced by nitrogen starvation (Petersen & Russell, 2016),
this result suggests that the state of CCM may also play a role in the
meiotic transition, as (elemental) nitrogen was abundant in all
growth media used. Altogether, we identified a rich set of metabolic
signatures that were not dependent on the growth rate, but ex-
clusively reflect changes in external nutrients.

Discussion

In this study, we quantified the proteome and transcriptome of the
fission yeast S. pombe grown in eight defined media that affect the
growth rate. Each medium contained a single nonlimiting source of
nitrogen, such that variations in gene expression were determined
by system-level resource allocation and not by the response of a
single pathway to the titration of a limiting nutrient. This setup is in
contrast to other studies which relied on a specific limiting nutrient
to perturb resource allocation while affecting the growth rate
(Brauer et al, 2008; Hui et al, 2015), or leaving it constant (Yu et al,
2020). In chemostats, the growth rate is affected externally by the
nutrient quantity, and the same growth rate can be obtained by
limiting several different nutrients (Airoldi et al, 2016). Our turbi-
dostat cultures were more alike to continuous flask cultures, where
the growth rate was determined by internal allocation in response
to the nutrient quality. This made it possible to determine the effect
on growth and metabolism of the medium composition because
each growth medium gave rise to a reproducible steady state.

Using this orthogonal approach, we propose a model in which
shifts in resource allocation trigger two layers of gene expression
regulation. The first layer consists of gene expression that is
significantly correlated with growth rate and the second is con-
dition specific, depending solely on nutrients. Many proteins and
mRNAs showed a combination of both layers of regulation. This
suggests that condition-specific responses occur on top of a
global level gene regulation that is coordinated with the growth
rate (Shahrezaei & Marguerat, 2015). Importantly, the global layer
of regulation discussed here affects relative abundances of
proteins and of mRNAs, and we did not obtain data on the size of
the total mRNA and protein pools. It is therefore distinct from the
scaling of gene expression to the growth rate which ensures
constant biomolecule concentrations (Chávez et al, 2016). The
mechanisms behind the observation that a large number of mRNA
and proteins show some level of global scaling with the growth
rate are not entirely clear. It could be related to the fact that
expression of the protein production machinery itself increases
with the growth rate and to changes in levels of TOR signalling for
instance (see below). This could result in different cellular states
that feedback globally on gene expression (Keren et al, 2013). It is
of note that the growth-rate-dependent component defined in
this study might in some cases complicate the interpretation of

condition-specific responses and should then be taken into ac-
count (Pancaldi et al, 2010; Yu et al, 2021).

Eukaryotic growth-rate-related gene expression depends to
some extent on the TORC1 axis of gene regulation, which is widely
conserved across eukaryotes (Weisman, 2016; González & Hall, 2017;
Morozumi & Shiozaki, 2021). TORC1 activity is affected by a variety of
stressors including nutrient starvation. Upstream of TORC1, the
adenosine monophosphate kinase AMPK has been proposed to
mediate the response to nitrogen starvation, and intriguingly, the
two complexes can inhibit each other (Davie et al, 2015; Ling et al,
2020). Downstream, the TORC1 pathway is a key regulator of the
balance between the stress and growth modules (López-Maury et
al, 2008; Rallis et al, 2013, 2014), with targets including eukaryotic
initiation factor 2 subunit α (eIF2α) (Valbuena et al, 2012), the SAGA
complex (Laboucarié et al, 2017), and the rate of fermentation
through Greatwall and PP2AB55δ (Watanabe et al, 2019). These
questions are often studied during adaptation to changing con-
ditions and our system using continuous culture in turbidostats
provides an attractive setup for future studies of the mechanisms
that maintain the stress versus growth gene expression balance in
steady-state conditions.

We found that known chromatin modifiers belonged to the
R-sector. This is intriguing as expression of histones themselves
was not dependent on the growth rate (Table S6). This may suggest
that number of histones modifying enzymes and levels of modi-
fications are rate limiting for transcription, or alternatively mediate
an orthogonal function such as signalling the cell metabolic state
through covalent protein modifications (Mellor, 2016; Figlia et al,
2020; Morgan & Shilatifard, 2020). This illustrates the intricate re-
lationship of chromatin structure with the cell metabolism.
Moreover, we found that RNAP II expression was not increasing with
the growth rate suggesting that, unlike for gene expression scaling
to cell size, its numbers are not limiting for the rate of growth
(Padovan-Merhar et al, 2015; Sun et al, 2020). Yet, maintaining
constant mRNA concentrations requires synthesis or degradation
rates to adjust to cell growth. Therefore, other mechanisms such as
transcription elongation or mRNA decay rates are likely to be
modulated with the growth rate as suggested in budding yeast
(Chávez et al, 2016).

Discussing protein allocation in term of factors limiting for
growth relies on the assumption that expression of all proteins is
optimised for growth in any given condition. Recent evidence has
challenged this view and has suggested that significant parts of E.
coli (Valgepea et al, 2013; Peebo et al, 2015; Mori et al, 2017) and
budding yeast (Metzl-Raz et al, 2017; Yu et al, 2020) gene expression
are not immediately required for sustaining the growth rate and are
instead held in reserve. This reserve pool of protein could support
cell adaption to sudden environmental changes. It has furthermore
been suggested that CCM has a large reserve capacity, suggesting
that many enzymes may also not be used solely to maximise
metabolic fluxes (O’Brien et al, 2016; Christodoulou et al, 2018; Yu et
al, 2020). In this study, whereas several nutrient-specific regulatory
programmes were detected in both the transcriptome and the
proteome, such as specific responses to Ser and Trp, this was not
true for the WFSP pattern and other transcriptomics signatures
(Figs 6 and 7). This disconnect could means that metabolic path-
ways are differentially buffered through protein levels and stability
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which could in turn be interpreted in term of reserve capacity. A
better understanding of post-transcriptional regulation in fission
yeast will be important to fully understand what causes the high
translational burden of metabolism.

We found that expression of metabolic enzymes was strongly
condition-specific and only marginally anti-correlated with the
growth rate. This condition-specific regulation represented a large
change in the gene expression burden, driven by glycolytic proteins
and enzymes and complexes relying on NAD turnover. Interestingly,
this large variation in expression burden of the carbon metabolism
resulted from changes in nitrogen source and occurred in the
presence of abundant external glucose. This highlights the fact that
metabolic adaptation to external condition is pervasive not only in
term of fluxes but also in term of gene expression burden. The
catabolism of the backbones of the amino acids used as nitrogen
sources could provide a link between nitrogen and carbon meta-
bolism in our system. Our data provide a rich resource to constrain
future genome-scale models of fission yeast that integrate metabolism
and gene expression, which will allow testing this hypothesis
(O’Brien et al, 2013; Sánchez et al, 2017; Chen et al, 2021).

An improved understanding of the fundamental principles be-
hind cellular growth and the physiological and translational bur-
den of metabolism across evolutionarily diverse biological systems
would influence a wide range of research areas such as microbi-
ology, synthetic biology, and cancer research. Cellular models of
growth should integrate strategies used by a variety of organisms
under a wide range of conditions, to identify common principles.
Beyond its contribution to our understanding of gene regulation,
this work will support future experimental and modelling efforts
aimed at defining the nature of the trade-offs involved in growth,
stress resistance, and metabolism across the tree of life.

Materials and Methods

Culture conditions

Cells were grown in continuous culture in turbidostats using
Edinburgh minimal media (EMM2) with saturating amounts of
carbon and nitrogen (Petersen & Russell, 2016). This ensured that
the cells could reach balanced exponential growth, limited only by
internal gene expression patterns. In addition to the standard EMM2
media where nitrogen is provided by 93.5 mM of ammonium chloride
(NH4Cl, referred to as Amm), we used seven alternative nitrogen
sources where 20 mM of a single amino acid replaced the NH4Cl:
glutamate (Glu), proline (Pro), isoleucine (Ile), serine (Ser), phenyl-
alanine (Phe), glycine (Gly), and tryptophan (Trp) (Sigma-Aldrich).

Cells were grown and harvested as follows: 972 h− cells from frozen
glycerol stocks were precultured on YES agar plates. Single colonies
were inoculated in 5–10 ml of EMM2 in glass flasks and grown
overnight at 32°C. Approximately 1 ml of culture was transferred to a
fresh flask containing EMM2 and the final nitrogen source and grown
to large ~5 × 106 cells/ml. These cells were used to inoculate the
continuous culture setup at 0.5–1 × 106 cells/ml. The process was
repeated for biological triplicates grown from three different colonies.

To generate the final cultures, cells were grown in turbidostats
(Takahashi et al, 2015), with media flow controlled using customised

Python scripts (Saint et al, 2019). Cell cultures were monitored every
30 s and fresh growth medium was added whenever the optical
density OD600 exceeded 0.4. This resulted in 1–2% dilution cycles,
keeping the total culture volume constant throughout. Cells were
kept in the turbidostats for ~10 generations at 32°C. To measure the
growth rate, cells were diluted twofold approximately halfway
through the experiment and regrown to the reference level of
OD600 = 0.4. The growth rate for each sample was determined by
fitting an exponential curve to the ODmeasures acquired every 30 s
during the regrowth phase. The final culture volumes were ~30 ml,
fromwhich 10ml was used for transcriptomics, 10ml for proteomics
analysis, and 10 ml was saved as a backup. The cells were harvested
by centrifugation, washed twice with PBS and stored at −80°C until
RNA-Seq and proteomics sample preparation was performed.

RNA-Seq

A 10-ml aliquot of the culture was centrifuged at 3,000 rpm for 3 min
in a 5810R Eppendorf centrifuge. After removing the supernatant,
cell pellets were frozen in dry ice and kept at −80°C until the library
preparation was performed. Total RNA from the pellets was
extracted using the hot-phenol method (Lyne et al, 2003) and the
RNA obtained was quantified using a BioDrop (biochrom). Poly(A)
enrichment was performed using 500 ng of total RNA with the
NEBNext Poly(A) mRNA Magnetic Isolation Module (NEB) kit
according to the manufacturer’s instructions. The remaining mRNA
was used for stranded RNA-Seq library preparation using the
NEBNext Ultra II Directional RNA Library Prep Kit for Illumina (NEB)
according to themanufacturer’s instructions. The resulting libraries
were quality checked and quantified using the Bioanalyser (Agilent)
and a Qubit dsDNA BR Assay Kit (Invitrogen), respectively.

Libraries were sequenced on an Illumina HiSeq 2500 instrument
(Illumina). Data were processed using RTA version 1.18.54 and
1.18.64, with default filter and quality settings. The reads were
demultiplexed with CASAVA 1.8.4 and 2.17 (allowing 0 mismatches).
Transcripts were mapped to the genome sequences (available from
PomBase) using TopHat2 (Kim et al, 2013; Lock et al, 2019). HTSeq
was used to count the number of reads per exon (Anders et al, 2015;
Lock et al, 2019). The reads across exons were summed to obtain the
total number of reads per gene. This procedure yielded raw counts
cijk for each gene i, growth medium j, and biological replicate k. Per
sample normalisation was performed using the DESeq2 estima-
teSizeFactors function, yielding size factors Sjk for each sample
(Love et al, 2014). The normalised counts were calculated as follows:

nijk =
cijk
Sjk

: (1)

Unless otherwise noted, RNA-Seq analyses were performed
using these normalised counts, which enabled between-sample
comparison of the expression of genes or sets of genes.

Transcripts were processed as mRNA if they were assigned
protein-coding status by PomBase. Non-coding RNAs were defined
as those with PomBase identifiers starting “SPNCRNA,” which are
antisense and lincRNAs. tRNA and rRNA were excluded because
their repetitiveness and high abundance made them difficult to
sequence with the traditional RNA-seq protocols used in this study.
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Proteomics

Cell pellets from 10 ml of each turbidostat culture was frozen in dry
ice and stored at −80°C until sample preparation. Once thawed,
cells were resuspended in lysis buffer (1% sodium deoxycholate
and 1% ammonium bicarbonate). Lysis was performed in a FastPrep
instrument (MP Biomedical) for five pulses at a speed of 6 m/s.
Total cell extracts were treated with 5 mM tris(2-carboxyethyl)
phosphine (TCEP) for 15 min at room temperature to reduce the
disulphide bonds. An alkylation reaction was performed with
the addition of 10mM iodoacetamide for 30min at 25°C in the dark. The
reaction was quenched using 12 mM N-acetyl-cysteine for 10 min. The
proteins were quantified using a BCA Protein Assay Reducing Agent
Compatible kit (Thermo Fisher Scientific) and 100μg of total proteinwas
used for digestion. To improve the cleavage efficiency, protein extracts
underwent a double digestion, first with Lys-C (Wako Chemicals) for 4 h
at 37°C using a 1:200 (w/w) ratio, and then overnight with porcine
trypsin at 37°C using a 1:100 (w/w) ratio. Digestion was stopped by
lowering the pH with TFA at a final volume of 1%. The sodium deoxy-
cholate precipitate formed because of the lowered pH was removed by
centrifuging the samples at 4°C for 15 min at 14,000 rpm. The pre-
cipitated detergent was then discarded. The digested peptides were
vacuum dried and stored at −80°C until required for analysis.

The protein digests were analysed by liquid chromatography-
tandem mass spectrometry (LC-MS/MS) via an untargeted analysis
approach using data-dependent acquisition (DDA) (Ducret et al,
1998). The rawMS data were analysed using MaxQuant (Cox &Mann,
2008) and applying the Label-free Quantification algorithm (Cox et
al, 2014) for DDA data analysis.

Protein digests were reconstituted in 0.1% TFA and transferred to
autosampler vials for LC-MS/MS analysis. The tryptic peptides were
separated using an Ultimate 3000 RSLC nano liquid chromatography
system (Thermo Fisher Scientific) coupled to a Q-Exactive tandem
mass spectrometer (Thermo Fisher Scientific) via an EASY-Spray
source. Sample volumes were loaded onto a trap column (Acclaim
PepMap 100 C18, 100 μm × 2 cm) at 8 μl/min of 2% acetonitrile, 0.1%
TFA. Peptideswere eluted on-line to an analytical column (EASY-Spray
PepMap C18, 75 μm × 75 cm). Peptides were separated at 200 nl/min
with a ramped 180 min gradient using 4–30% buffer B (buffer A: 2%
acetonitrile, 0.1% formic acid; buffer B: 80% acetonitrile, 0.1% formic
acid) over 150 min, and 30–45% buffer B over 30 min. Eluted peptides
were analysed by operating in positive polarity using a DDA mode.
Ions for fragmentation were determined from an initial MS1 survey
scan at 70,000 resolution (at m/z 200) in the Orbitrap followed by
higher energy collisional dissociation (HCD) of the top 12 most
abundant. MS1 and MS2 scan AGC targets set to 3 × 106 and 5 × 104 for
maximum injection times of 50 and 110ms, respectively. A survey scan
covering the range of 400–1,800 m/z was used, with HCD parameters
of isolation width 2.0 m/z and a normalised collision energy of 27%.

DDA data were processed using the MaxQuant software platform
(v1.6.2.3) (Cox & Mann, 2008) with database searches performed by
the in-built Andromeda search engine against the PomBase da-
tabase (5,138 entries, v.20190507) (Lock et al, 2019). A reverse decoy
database was created, and the results displayed at a 1% false dis-
covery rate (fdr) for peptide spectrum matches and identified pro-
teins. The search parameters included trypsin, twomissed cleavages,
fixed modification of cysteine carbamidomethylation, and variable

modifications of methionine oxidation, asparagine deamidation,
N-terminal glutamine to pyroglutamate modification, and protein
N-terminal acetylation. Label-free quantification was enabled with
an LFQminimum ratio count of 2. The “match between runs” function
was used with match and alignment time limits of 0.7 and 20 min,
respectively.

Intensities were based on identified unique and razor peptides,
and intensity-based absolute quantification (iBAQ) was calculated
as the raw intensity/number of obtainable tryptic peptides. For the
post-processing of the MaxQuant output, the data were filtered for
detection in all three biological replicates. Subsequently, proteome
mass fractions ϕij were calculated for each protein group i, sample
from growth medium j, replicate k from the reported protein
masses mi, and the iBAQ quantities Bijk as follows:

ϕijk =
miBijk

�lmlBljk
: (2)

Repeated median linear models

As shown in the main text, several genes were enriched in one or
more growth conditions in addition to growth rate correlations. The
presence of such outliers affected the fit quality of the standard
ordinary least squares linearmodel fits. To account for this, we used
repeated median linear models (RMLM) for fitting regression lines
(Siegel, 1982), as implemented in the R package “mblm.” This
method is robust when up to 50% of outliers are present in the data,
and the working is described below.

In general, the data can be described asN pairs of the growth rate μ
and some expression value y (N = 24 if expression was detected across
all samples, or a smaller multiple of 3 when data were missing). From
each observation (μ, y)i, a line is drawn to each of the otherN – 1 points
(μ, y)j, and the median slope and y-intercept of these N – 1 lines is
associated with the data point i. The regression coefficients for the
slope and y-intercept of the repeatedmedian linearmodel are defined
as the medians of all N slopes and y-intercepts.

The regression slope and intercept are both proportional to the
average expression level of a gene (protein). A fair comparison of
the steepness of the growth rate dependencies between proteins or
transcripts with different expression levels can therefore not use
the regression parameters directly. To compare the growth law
shape of protein groups with varying absolute abundances, the
fold-change FC was defined from the RMLM as the ratio

FC = yðμ = μmaxÞ − yðμ = 0Þ
yðμ = 0:5μmaxÞ

; (3)

with μmax = 0.3 h−1. This can be expressed in terms of the fitted slope
a and the y-intercept b as follows:

FC = μmax
0:5μmax + b=a

: (4)

Hierarchical clustering

We used z-scores to normalise for variations in absolute expression
levels. For each gene or protein group i in the sample with medium j
and replicate k, the z-score was calculated as follows:
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zijk =
yijk −μi

σi
; (5)

from the expression values yijk, where μi and σi are the mean and
standard deviations across all samples. The analysis was per-
formed only on genes or protein groups that were detected across
all 24 samples. The resulting matrices of the z-scores were analysed
using hierarchical clustering and principal component analysis.

Hierarchical clustering on genes/protein groups was performed
using the Euclidean distance and Ward linkage (“ward.D2”), using
the “hclust” implementation of the R statistical language (v.3.5.3). In
the transcriptome analysis, separate dendrograms were con-
structed for coding and non-coding RNAs, using the protein-coding
list from PomBase and selecting ncRNAs from the presence of
“NCRNA” in the systematic IDs.

Sector assignment

For each gene or protein group i, we calculated R-squared (R2),
defined as follows:

R2
i = 1 −

�j;kr
2
ijk

�j;k
�
yijk −μi

�2 ; (6)

and the associated P-values using the “summary.lm”method. Here,
rijk denotes the residuals from the RMLM fit, yijk the expression
(normalised counts or proteome fractions), μi the mean expression
across samples, and the summation was performed across all N
samples where the genewas detected. We calculated the tail-based
fdr (or q-values) and local fdr using the “fdrtool” R package and the
false non-discovery rate cut-off method (Strimmer, 2008). Genes or
protein groups were assigned to the P- or R-sector when their tail-
based fdr < 0.1. R- and P-sector genes had positive and negative
slopes, respectively, as determined by the fitted RMLM. In Table S6,
hits with local fdr < 0.1 were flagged as confident.

To assess fit quality, in addition to R2, we used a normalised sum
of squared residuals, defined as follows:

SSRnorm;i =
1

N − 1

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
�j;kr2ijk

r
μi

; (7)

with the notations as described in the previous paragraph.

Protein-to-RNA ratios

For each protein group or gene i, and sample from growth medium j
and replicate k, the proteome number fraction was calculated from
the iBAQ quantities Bijk as follows:

ψP;ijk =
Bijk

�lBljk
; (8)

and the transcriptome number fraction was calculated from the
normalised counts nijk and the transcript lengths li as follows:

ψM;ijk =

nijk

li

�l

�
nljk

li

� : (9)

These two number fractions are directly comparable. Note that
the ratio ψP,ijk/ψM,ijk is proportional to the ratio of absolute protein
and mRNA numbers per cell (denoted NP,ijk and NM,ijk, respectively)
with a sample-specific normalisation:

ψP;ijk

ψM;ijk
=

NP;ijk

NM;ijk

Mjk

Pjk
; (10)

where Mjk and Pjk denote the total number of transcripts and
proteins per cell, respectively.

As seen in Fig S9, the protein-to-mRNA ratio is heavily dependent
on the average expression level. To perform ameaningful analysis of
between-sample protein-to-mRNA ratio differences, this effect was
removed in the following way (Franks et al, 2017). The residual log-
transformed protein-to-mRNA ratio was calculated as follows:

residual log2

 
ψP;ijk

ψM;ijk

!
= log2

 
ψP;ijk

ψM;ijk

!
−median

j;k

"
log2

 
ψP;ijk

ψM;ijk

!#
:

(11)

This way, the across-sample variation in protein-to-mRNA ratios
could be compared between genes with wildly varying average
expression levels, as in Fig 3B.

Spearman correction

Noise in observations causes observed correlations between these
observations to underrepresent true underlying correlations.
However, a so-called Spearman correction can be used to mitigate
this effect; it has previously been applied to omics data (Csárdi et al,
2015; Franks et al, 2017). Central to the method are the reliabilities rP,j
and rM,j of the protein andmRNAdata. For our data, these are defined
for each condition j as the geometric mean of observed pairwise
Pearson correlations between the three biological replicates:

rP;j =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ρPj;1:2ρPj;1:3ρPj;2:3

3
q

(12)

and

rM;j =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ρMj;1:2ρMj;1:3ρMj;2:3

3
q

: (13)

Here, ρPj;k1:k2 represents the Pearson correlation between the ob-
served log2-transformed proteome number fractions in condition j for
replicates k1 and k2, and ρMj;k1:k2 that for the correlations between log2-
transformed transcriptome number fractions. Likewise, a first, un-
corrected, estimate of the protein–mRNA correlation is calculated as
the geometric mean of observed pairwise protein–mRNA correlations:

ρ̂j =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ρj;1:1ρj;1:2ρj;1:3ρj;2:2ρj;2:3ρj;3:36

p
: (14)

The final, corrected, estimate of the protein–mRNA correlation is
now given by the following equation:
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Rj =
ρ̂jffiffiffiffiffiffiffiffiffiffiffiffiffirP;jrM;j

p : (15)

Gene set enrichment analysis

A multilevel gene set enrichment analysis was performed against
the three S. pombe GO-slims (Gene Ontology Consortium, 2019; Lock
et al, 2019) using the fgsea package (v1.16.0) (Korotkevich et al, 2021
Preprint), with boundary parameter ε = 0. Genes (protein groups in
the proteomics analysis) were ranked based on the following
signed measure of significance:

−signðaiÞlog10ðpiÞ ; (16)

Here, ai and pi are the slope and P-value associated with the
RMLM growth rate fit for gene (protein group) i, and sign (ai) equals
1, 0, or −1 when ai is positive, zero, or negative, respectively. This
resulted in a list where the R-sector was at the top of the list, and
the P-sector at the bottom. Unlike the traditional functional en-
richment, however, this analysis does not require an arbitrary cut-
off point.

Bootstrapping

For the analysis illustrated in Figs 5A and B, S14, and S17, 1,000
bootstrap samples were generated using the bootstraps function
from the “rsample” package (v0.0.8). The RMLM analysis was re-
peated on the bootstrapped samples, resulting in sample distri-
butions for the RMLM slopes, intercepts, and FCs. Plots of the
2.5–97.5% confidence interval were drawn using the RMLM pre-
dictions on a 101-point grid spanning 0–0.3 h−1.

Other confidence intervals were drawn using the geo-
m_smooth function in ggplot2 (v3.3.2) (Wickham, 2016) with the
default 95% confidence interval and the RMLM method, unless
otherwise noted.

Barcode plots

For the barcode plots in Figs S23 and 6G and H, the directed length lij
of the bar for protein i and medium j was calculated from the
median proteome mass fractions across the three biological
replicates,

xij = median
k=1;2;3

ϕijk ; (17)

and the median across all samples,

Mi = median
j;k

ϕijk ; (18)

in the following way:

lij =
xij −Mi

Mi
; (19)

with missing data imputed to zero. The scale was capped at −1 <
lij < 2.

Differential expression analysis

To identify differential expression in the transcriptome on top of
growth-rate-mediated effects, we performed an analysis using
“DESeq2” (v1.22.2) from the Bioconductor suite (v3.8) (Love et al, 2014;
Huber et al, 2015), comparing the residual expression in each condition
to a synthetic reference condition. The fold change obtained by this
procedure can be interpreted as the ratio of observed normalised
counts and the counts predicted by the RMLM, and the associated
P-value provides an interpretable estimate of significance.

The DESeq2 analysis pipeline enables the introduction of per-
gene, per-sample normalisation factors that are commonly used to
correct for batch-dependent GC-content or length biases. We
adapted this functionality to normalise the growth rate bias of each
gene, by introducing factors Nijk that converted between the
measured raw counts cijk and RMLM-predicted raw counts qijk:

qijk =
cijk
Nijk

; (20)

in analogy to the definition of size factors in Equation (1). However,
the fitting of RMLMs yielded per-gene, per-sample predictions pijk
of the normalised counts. Using the sample-dependent size factors,
we converted these to predictions of raw counts as follows:

qijk = pijkSjk : (21)

Therefore, the normalisation factors were calculated as follows:

Nijk =
cijk

Sjkpijk
=
nijk

pijk
: (22)

We excluded genes with negative predicted raw counts and
rescaled the normalisation factors across samples for each gene to
have a geometric mean of 1 for numerical accuracy.

Using the RMLM-predicted raw counts, we further defined a
synthetic reference condition with three biological replicates by
using the median predicted count across all growth media for each
replicate as follows:

sik = int median
j

qijk
� �

: (23)

These reference counts were rounded to the nearest integer, as
they represent raw counts in the DESeq2 pipeline. By design, the qijk
have no residual growth rate trend.

Subsequently, the analysis proceeded on the constructed data
set with nine conditions: the original eight and the synthetic one,
with each set having three biological replicates. Pairwise fold-
changes F and the associated P-values (both uncorrected and
adjusted padj) are reported between the eight growthmedia and the
synthetic reference. Fold-changes were shrunk using the lfcShrink
function of DESeq2, using the “apeglm”method (Love et al, 2014; Zhu
et al, 2019). Genes were reported as differentially expressed (DE) if
padj < 0.01 and |log2 F| > 0.5 for at least one condition.

Functional enrichment

We performed one-sided Fisher’s exact tests to assess the en-
richment of DE genes across the S. pombe GO-slims and terms from
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the biological_process GO with at most 50 annotations in S. pombe
(Gene Ontology Consortium, 2019; Lock et al, 2019). From the
resulting P-values, local false discovery rates (lfdr) were calculated
using the “fdrtool”s false non-discovery rate method (Strimmer,
2008).

In the enrichment plots for the GO-slim terms (Figs 7B and S1),
terms with lfdr < 0.05 were deemed significant, and the terms were
ordered from top to bottom by increasing the smallest lfdr to aid
interpretation. For the biological_process enrichment plot (Fig S28),
the significance threshold was local fdr < 0.001. The significant
terms were clustered hierarchically using the Euclidean distance
and Ward linkage (“ward.D2”), using the “hclust” implementation of
the R statistical language (v.3.5.3).The terms were ordered by the
smallest lfdr as much as possible, while remaining consistent with
the clustering constraint.

Data Availability

Proteomics data are deposited in PRIDE (PXD027835) and RNA-Seq
data in ArrayExpress (E-MTAB-10778). For the purpose of open
access, the authors have applied a CC BY public copyright licence
to any Author Accepted Manuscript version arising from this
submission.
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