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A proteome-integrated, carbon source dependent
genetic regulatory network in Saccharomyces
cerevisiae†

M. Garcia-Albornoz, a S. W. Holman, b T. Antonisse,c P. Daran-Lapujade, d

B. Teusink, c R. J. Beynon b and S. J. Hubbard *a

Integrated regulatory networks can be powerful tools to examine and test properties of cellular systems,

such as modelling environmental effects on the molecular bioeconomy, where protein levels are altered

in response to changes in growth conditions. Although extensive regulatory pathways and protein

interaction data sets exist which represent such networks, few have formally considered quantitative

proteomics data to validate and extend them. We generate and consider such data here using a label-

free proteomics strategy to quantify alterations in protein abundance for S. cerevisiae when grown on

minimal media using glucose, galactose, maltose and trehalose as sole carbon sources. Using a high

quality-controlled subset of proteins observed to be differentially abundant, we constructed a proteome-

informed network, comprising 1850 transcription factor interactions and 37 chaperone interactions, which

defines the major changes in the cellular proteome when growing under different carbon sources. Analysis

of the differentially abundant proteins involved in the regulatory network pointed to their significant roles in

specific metabolic pathways and function, including glucose homeostasis, amino acid biosynthesis, and

carbohydrate metabolic process. We noted strong statistical enrichment in the differentially abundant

proteome of targets of known transcription factors associated with stress responses and altered carbon

metabolism. This shows how such integrated analysis can lend further experimental support to annotated

regulatory interactions, since the proteomic changes capture both magnitude and direction of gene

expression change at the level of the affected proteins. Overall this study highlights the power of

quantitative proteomics to help define regulatory systems pertinent to environmental conditions.

Introduction

For decades, the budding yeast S. cerevisiae has been a popular
model organism for many aspects of systems biology research,
supporting the construction of both regulatory and metabolic
models.1–3 This is in part driven by its popularity as a highly
industrially-relevant organism that pervades many areas of bio-
technology, including its use in a wide range of industrial applica-
tions such as food, beverages, nutraceuticals, pharmaceuticals,
chemicals, and fuels.4,5 It is also a model organism frequently used
in biology for understanding fundamental aspects of eukaryotic
biological functions.6,7 Despite this focus, a comprehensive, inte-
grated regulatory model that brings together metabolic pathways
and the underlying regulatory networks, which displays accurate
and robust predictive properties, is still lacking. Progress in this
area will enable a greater understanding of eukaryotic cell biology,
better hypothesis generation testable in higher organisms, and
more effective industrial applications.

Much of our current understanding of the regulatory and
metabolic networks has been built up by decades of painstaking
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biochemical analysis, integrated by community-driven curation
and annotation efforts to construct and validate increasingly
sophisticated models8–10 that capture the key features of central
carbon metabolism and other biological functions.11–16 This has
helped us understand, rationalise and model how S. cerevisiae is
able to utilize a wide range of carbohydrates as a carbon source.
Indeed, yeast has genes encoding carbohydrate-utilizing enzymes
present in the genome as part of its adaptation and survival
strategy, which are well characterised into sets of metabolic
pathways. These in turn are coordinated by regulatory networks
to regulate changes in gene expression in response to substrate
availability. Here, we refer to regulatory networks principally as
the relationships between transcription factors and their target
genes, which likely manifest as attendant changes in their gene
products, proteins, which will therefore affect biological function
by changing protein concentrations. Given that chaperone proteins
also can influence the final concentration of active, folded proteins,
we have also considered their role too. To date, several attempts
have been made to elucidate the regulatory routes involved in yeast
adaptation under different growth conditions leading to proposals
for general regulatory networks.11,13,17 However, all of these studies
are based on transcriptomics analyses combined with, or driven
by, text mining strategies.1,12,15,16,18,19 Additionally, many of
these networks are built on ‘‘binary mode’’ data (positive or
negative regulation type), excluding any quantitative information
on regulatory effect type and strength.

Although compelling, these approaches do not integrate
data from the true effectors of biological metabolism and
function, the protein products of the genes concerned, and
therefore only give a partial view of the regulatory network.
Furthermore, transcription and translational levels are usually
considered to be imperfectly correlated; typically, transcript
abundances explain approximately one- to two-thirds of the
variance in steady-state protein levels, depending on the
organism,20–22 showing poorer correlations under altered envir-
onmental conditions.23 We posit, therefore, that protein levels
should be an informative and complementary data source for
the construction of complex and robust regulatory networks.
Quantitative proteomics using mass spectrometry (MS) can
fulfil this role. Label-free bottom-up shotgun MS-based proteo-
mics can deliver protein identification and quantitative data,
with genome-wide measurements now routinely possible.24–29

The elucidation of changes in the proteome under different
growth conditions promises an alternative metric from which
to infer integrated regulatory and metabolic interactions, and
several previous studies have demonstrated its applicability for
S. cerevisiae for a variety of similar biological questions.30–33

In this study, we use label-free, bottom-up MS-based proteomics,
integrated with protein interaction and transcription factor target
data, to derive a regulatory network for Saccharomyces cerevisiae
strain CEN.PK113-7D,34 grown on minimal media with glucose,
maltose, galactose or trehalose as carbon sources. This novel
network therefore captures regulatory interactions supported at
multiple levels, supported by direct observation of protein level
changes induced by changes in carbon source with respect to the
preferred reference carbon source, glucose. It captures the key

biological processes controlled in central carbon metabolism, as
well as some ones external to it. In particular, we noted the
concerted action of a subset of chaperones and transcription
factors, working in tandem to modulate protein levels and
accommodate altered metabolic pathway activation. The work
demonstrates the added value from integrating quantitative pro-
teomic data into genetic regulatory networks in S. cerevisiae, since
protein abundances are a direct indicator of post-transcriptional
control. These new regulatory findings will have potential use in
genetic engineering, bioinformatics studies, clinical research, and
industrial applications.

Materials and methods
Biological samples

Saccharomyces cerevisiae strain CEN.PK113-7D (Genotype: MATa
URA3 HIS3 LEU2 TRP1 MAL2-8c SUC2)34–37 was grown on minimal
(Verduyn) medium38 with two monosaccharides (glucose and
galactose) and two disaccharides (maltose and trehalose) as
carbon sources in batch cultures with four biological replicates.
Samples were grown at 30 1C, 200 rpm shaking in shake flasks,
2% (w/v) carbon source and sampling at OD600 = 1. The medium
was buffered with 100 mM phthalic acid/KOH at pH 5.0. Samples
were taken at mid-exponential phase. This strain was selected as
the most relevant to our industrial collaborators, as it has the
closest genetic background to the one they employ. Strains
belonging to the CEN.PK family have three MAL loci (MAL2,
MAL3 and MAL7),34,36 and use maltose efficiently, which explains
why they are preferred in biotechnology.

Proteomics

Sample preparation. Cell pellets from 15 mL of culture were
lysed as described by Lawless and co-workers to ensure max-
imum protein recovery.39 The pellet was resuspended in 250 mL
of 50 mM ammonium bicarbonate containing 1 tablet of Roche
complete-mini protease inhibitors (Roche Diagnostics Ltd,
West Sussex, UK) per 10 mL of ammonium bicarbonate. Lysis
was performed by 15 rounds of bead-beating; bursts of 30 s with
1 min cool down on ice between each cycle. The lysed cells were
centrifuged for 10 min at 13 000 rpm at 4 1C, and the super-
natant fraction recovered to a low-protein binding microcen-
trifuge tube on ice. The pellet was resuspended with another
250 mL of 50 mM ammonium bicarbonate containing protease
inhibitors. The bottom of the vial was then pierced with a hot
needle, the vial placed into a clean low-protein binding micro-
centrifuge tube, and then centrifuged for 5 min at 4000 rpm,
4 1C. The flow-through and the originally recovered supernatant
fraction were combined, the volume measured, and the protein
content determined using a standard Bradford assay (Bio-Rad
Laboratories Ltd, Hertfordshire, UK).

One hundred mg quantities from each condition were
subjected to tryptic digestion. The proteins were solubilised
to a volume of 160 mL using 25 mM ammonium bicarbonate.
Denaturation was achieved through the addition of 10 mL of
0.1% (w/v) RapiGest SF (Waters, Elstree, UK) followed by
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heating at 80 1C for 10 min. Reduction and alkylation was
performed by adding 10 mL of 60 mM dithiothreitol with
incubation at 60 1C for 10 min, and 10 mL of 180 mM
iodoacetamide with incubation at room temperature in the
dark for 30 min. Mass spectrometry grade lysyl endopeptidase
(Wako Chemicals GmbH, Neuss, Germany) was solubilised to a
concentration of 0.1 mg mL�1 in 10 mM acetic acid and 10 mL
added to each sample. The samples were incubated at 37 1C for
4 h, after which 10 mL of mass spectrometry grade trypsin
(Promega, Madison, WI, USA), also solubilised to a concen-
tration of 0.1 mg mL�1 in 10 mM acetic acid, was added, followed
by overnight incubation at 37 1C. Digestion was terminated
through the addition of trifluoroacetic acid to 0.5% (v/v). The
insoluble degradation products of RapiGest SF were removed
by incubation at 37 1C for 2 h and centrifugation at 13 000g,
4 1C for 15 min. The supernatant fraction was removed,
acetonitrile was added to a final concentration of 3% (v/v)
and the sample subjected to LC-MS/MS analysis.

LC-MS/MS analysis. Each peptide preparation, together with
a reference sample (an equimass mix of all samples), was
analysed by LC-MS/MS analysis in a randomised order. Analysis
was performed using an Ultimate 3000 RSLC nano-liquid
chromatograph (Thermo Scientific, Hemel Hempstead, UK)
coupled to a QExactive HF quadrupole-Orbitrap mass spectro-
meter (Thermo Scientific, Hemel Hempstead, UK). One mg of
peptides were loaded onto a trapping column (Acclaim PepMap
100 C18, 75 mm � 2 cm, 3 mm packing material, 100 Å) using
0.1% (v/v) trifluoroacetic acid, 2% (v/v) acetonitrile in water at a
flow rate of 12 mL min�1 for 7 min. The peptides were eluted
onto the analytical column (EASY-Spray PepMap RSLC C18,
75 mm � 50 cm, 2 mm packing material, 100 Å) at 40 1C using a
linear gradient of 96.2% (v/v) A (0.1% [v/v] formic acid) : 3.8% (v/v)
B (0.1% [v/v] formic acid in water : acetonitrile [80 : 20, v/v]) to
50% A : 50% B over 90 min at a flow rate of 300 nL min�1.
The column was then washed at 1% A : 99% B for 8 min, and
re-equilibrated to starting conditions. The nano-liquid chromato-
graph was operated under the control of Dionex Chromatography
MS Link 2.14.

The nano-electrospray ionisation source was operated in
positive polarity under the control of QExactive HF Tune
(version 2.5.0.2042), with a spray voltage of 2.2 kV and a
capillary temperature of 270 1C. The mass spectrometer was
operated in data-dependent acquisition mode. Full MS survey
scans between m/z 350–2000 were acquired at a mass resolution
of 60 000 (full width at half maximum at m/z 200). For MS, the
automatic gain control target was set to 3 � 106, and the
maximum injection time was 100 ms. The 16 most intense
precursor ions with charge states of 2–5 were selected for
MS/MS with an isolation window of 1.2 m/z units. Product ion
spectra were recorded between m/z 200–2000 at a mass resolu-
tion of 30 000 (full width at half maximum at m/z 200). For
MS/MS, the automatic gain control target was set to 1 � 105,
and the maximum injection time was 45 ms. Higher-energy
collisional dissociation was performed to fragment the selected
precursor ions using a stepped normalised collision energy of
28–30%. Dynamic exclusion was set to 20 s.

Data analysis

The resulting raw data files generated by XCalibur (version 3.1)
were processed using MaxQuant software (version 1.6.0.16).40,41

The search parameters were set as follows: label free experiment
with default settings; cleaving enzyme trypsin with 2 missed
cleavages; Orbitrap instrument with default parameters; variable
modifications: oxidation (M) and Acetyl (protein N-term); first
search as default; in global parameters, the software was directed
to the FASTA file; for advanced identification ‘‘Match between
runs’’ was checked; for protein quantification we only used
unique, unmodified peptides. All other MaxQuant settings were
kept as default. The false discovery rate (FDR) for both accepted
peptide spectrum matches and protein matches was set to 1%.
The CEN.PK113-7D Yeast FASTA file was downloaded from the
Saccharomyces Genome Database (SGD) (https://downloads.yeast
genome.org/sequence/strains/CEN.PK/CEN.PK113-7D/CEN.PK113-
7D_Delft_2012_AEHG00000000/).

The resulting MaxQuant output was then analysed using
the MSstats package (version 3.5.6)42 in the R environment
(version 3.3.3) to obtain differential expression fold changes
with associated p values. In the first step the MaxQuant output
was formatted in R into a table containing Protein name,
Peptide sequence, Condition, Bioreplicate, Run, and Intensity.
The MaxQtoMSstatsFormat option was used to convert the
MaxQuant output tables into the compatible MSstats input
table containing protein ID information from the MaxQuant
proteinGroups file, intensities from the evidence file, and
condition and biological replicates were included in the anno-
tation file (see ESI†). MSstats then converts intensities into log2

values prior to data normalisation across runs using the default
option for DDA data analysis, the equalizeMedians option.
Summarization was then performed using the robust para-
meter estimation method Tukey’s median polish (TMP) which
works with medians across rows and columns. Subsequently, a
condition comparison was performed with the groupComparison
function within MSstats, which takes as input the output of the
dataProcess function. Three pairwise comparisons were made,
using MSstats linear mixed effect model, between glucose–
galactose, glucose–maltose, and glucose–trehalose, reporting
log2 fold change values with attendant p values corrected for
multiple comparisons (adjusted p values) for each shared protein.
A conservative significance level of an adjusted p value o 0.001,
was used to report differentially abundant proteins for each
comparison.

Differentially abundant proteins for each comparison (glucose–
galactose, glucose–maltose and glucose–trehalose) were subjected
to a GO enrichment analysis. The GO enrichment analysis was
performed directly on the GO webpage (http://geneontology.org/)
using PANTHER43 using the 2534 identified proteins as back-
ground obtaining the GO biological processes with default options,
selecting Fisher’s exact test with FDR multiple test correction for
the enrichment analysis.

To build a regulatory network, proteins displaying statistically
significant change (adj. p value o 0.001) in all three comparisons
(glucose–galactose, glucose–maltose and glucose–trehalose) were
identified and their fold change profiles clustered following K
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means clustering in the R environment. These 85 proteins
generated three clusters, the members of which were subjected
to a hypergeometric GO and TF enrichment analyses. As before,
the GO enrichment analysis was performed directly on the GO
webpage using PANTHER43 and using default options with the
2534 identified proteins as background. The TF enrichment
analysis was conducted in R (Additional files 12, 16, and 17, ESI†)
using all data obtained from YEASTRACT44 on August 29, 2018.
For all 85 differentially abundant shared proteins, the list of
significant transcription factors and their targets were obtained
using all documented data with DNA binding and expression
evidence using the 2534 identified proteins as background. The
significant TF–target interactions (adj. p value o 0.05) were
subsequently combined to build a general network including all
interactions. Additionally, all chaperones present in the 85 statis-
tically significant shared proteins were identified along with
their targets, taken from an affinity-pulldown MS study,45 and
their interactions were added to the TF network. A total of 1887
interactions including 1850 TF and 37 chaperone interactions
were identified. Based on these interactions a source–target
interaction network was built using Cytoscape (version 3.6.1)46

using the prefuse force directed layout.
Central carbon metabolism pathway including all metabolites

and genes involved were obtained from the KEGG database47

(https://www.genome.jp/kegg-bin/show_pathway?sce00010) and
literature review.48–52

Results and discussion
Label-free proteomics

To determine the yeast genes for which protein-level expression
is affected by growth on alternative carbon sources, we used
label-free quantification (LFQ) (Fig. 1). We measured protein
abundance in S. cerevisiae when grown on minimal media with
either glucose, maltose, galactose or trehalose as the sole
carbon source, across four biological replicates, identifying a
total of 2534 proteins from 23 229 peptides across all four
conditions (Table 1) covering 61% of metabolic enzymes
(831 out of 1427) reported in the KEGG database (https://
www.genome.jp/kegg-bin/get_htext?ko01000.keg).47 These data
captured marked differences in protein abundance observed in
different growth conditions, supported by excellent repeatability
across biological replicates with consistent distributions of MS
intensity values53 between experiments (Fig. 2). The MS intensity
is a normalised, protein abundance term from MSstats analysis of
peptide ion intensity values. We obtained good coverage of
the proteome, with 2354 proteins detected in all four growth
conditions, demonstrating the power of the label-free approach
(Fig. 2C). When protein abundance (using peptide ion intensity
values) was compared in a pairwise matrix of all four carbon
sources, the overall proteome distributions were very similar,
covering a dynamic range of between four and five orders of
magnitude. Even from visual inspection, it is clear that trehalose
has the largest effect on protein abundance, assessed by the large
number of off-diagonal points. The glucose- and maltose-grown

pairing were most similar, highlighting that trehalose, despite
also being a disaccharide of two glucose molecules, is a much
poorer growth substrate (Fig. 2A). Most of the off-axis points tend
to the lower abundance levels. Growth on galactose elicits a
greater degree of proteome discordance than that between
glucose/maltose, but not as marked as that between trehalose
and glucose. In terms of proteins that were uniquely identified
in a single condition, the numbers were small, but the more
pronounced effect of trehalose was once again in evidence, with
46 uniquely identified proteins that were not detected during
growth under any of the other three sugars.

MS ion intensity data from MaxQuant were analysed using
the MSstats package42 to identify significant changes in proteome
abundance between strains grown on different carbon sources,
compared to glucose. Since cells can sense glucose levels in the
media resulting in a cascade of signalling pathways,54–56 it is
expected that these changes would reflect changes to carbon

Fig. 1 Process diagram of proteome characterization for S. cerevisiae
grown on four carbon sources. S. cerevisiae strain CEN.PK113-7D was
grown in quadruplicate on minimal media with glucose, galactose, maltose
or trehalose as carbon sources. Samples were analysed by LC-MS/MS. The
resulting raw files were processed using MaxQuant software and the
resulting output was then statistically analysed using MSstats to determine
significant changes in abundance.

Table 1 Summary of protein and peptide identification of S. cerevisiae
CEN.PK113-7D growing on four different carbon sources

Proteins Peptides

All 2534 23 229
Galactose 2477 21 663
Glucose 2426 20 604
Maltose 2442 21 029
Trehalose 2486 21 836

Research Article Molecular Omics

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

3 
D

ec
em

be
r 

20
19

. D
ow

nl
oa

de
d 

on
 7

/2
9/

20
25

 3
:3

2:
29

 P
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online

https://www.genome.jp/kegg-bin/show_pathwaysce00010
https://www.genome.jp/kegg-bin/get_htextko01000.keg
https://www.genome.jp/kegg-bin/get_htextko01000.keg
http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/c9mo00136k


This journal is©The Royal Society of Chemistry 2020 Mol. Omics, 2020, 16, 59--72 | 63

metabolism and related metabolic pathways. For this analysis,
protein abundance fold changes (FC) with respect to glucose
growth conditions and adjusted p values were determined using
MSstats describing increased (red) or decreased (blue) levels for
proteins grown on the non-glucose carbon sources when com-
pared to glucose (Fig. 3A). In total, 892 proteins show statistically
significant differential abundance for the pairwise comparisons
(glucose–galactose, glucose–maltose and glucose–trehalose) when
considering a highly conservative adjusted p value threshold
o0.001 (Fig. 3A and B). Notably, only 69 (up) and 16 (down)
proteins change in a coherent fashion under all three compar-
isons according to this criterion.

Carbon source comparisons

From the lists of differentially abundant proteins for each
pairwise comparison with glucose, a GO biological process
enrichment analysis was performed (Fig. 4). As would be
expected, proteins linked to TCA cycle, respiratory electron
transport chain, and carbohydrate metabolic processes increase
in abundance, whilst amino acid biosynthetic proteins levels are
correspondingly down. This is consistent with the lower observed
growth rates of all three carbohydrates (galactose 0.19 h�1,
maltose 0.30 h�1 and trehalose 0.08 h�1) when compared to
that of glucose (0.36 h�1); growth curves are shown in the
Additional files (ESI†). Proteins which increase in abundance in

galactose growth compared to glucose show enrichment in carbo-
hydrate catabolic process, TCA cycle, mitochondrial electron trans-
port, and cellular protein modification process. Proteins increasing
under maltose growth compared to glucose show enrichment in
respiratory electron transport chain, ATP synthesis, tricarboxylic
acid cycle, cation transport, and carbohydrate metabolic process,
with the maltose metabolism related proteins Mal11p, and Mal32p
notable among them. The proteins increasing in abundance in
trehalose growth compared to glucose are largely involved in
respiratory electron transport chain, ATP synthesis, tricarboxylic
acid cycle, translation, and fatty acid metabolic process, with
several others involved in the cell stress response. It is therefore
highly likely that we were able to identify a group of growth-
condition sensitive proteins modulating important signalling
processes related to trehalose metabolism and cell stress. Along
with this, our data shows an abundance increase in the proteins
involved in oxidative phosphorylation while low level changes in
enzymes related to glycolysis are observed. These findings are
consistent with previous studies reporting the regulation of the
mitochondrial respiratory chain pathway by the trehalose pathway
through Tps1p and Hxk2p in Saccharomyces cerevisiae.33,57

Genetic regulatory network

In a subsequent analysis, we used the conservative set of 85
statistically significant proteins (adj. p value o 0.001) from the

Fig. 2 Overview of protein mass spectrometry results. (A) Panels in the lower left corner present scatterplots showing the correlation between median
protein MS intensities between the four different carbon sources. Protein intensity is presented as the log10 transformed median MS intensities. Panels in
the upper right present a comparison in the dynamic range of detected proteins between the four carbon sources. Proteins were ranked according to
their log10 transformed median MS intensities. In black are those proteins from the carbon source indicated on the left and in blue from those on the
bottom. (B) PCA analysis for MS intensities in corresponding carbon sources. (C) Overlap of identified proteins between carbon sources.
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three comparisons to explore common patterns of protein
expression. Since it has been recently argued that protein
abundance profiles offer a buffered and more potent predictor
of gene function than transcript levels alone,20,58 a K means
clustering was performed which partitioned the proteins into
three cluster groups displaying coherent abundance changes
(Fig. 5). Notably, groups 1 and 3 included proteins with
increasing protein abundance relative to glucose, while group
2 showed the opposite, putatively down-regulated, changes in
protein abundances.

The groups contain proteins with common and significant
functional enrichment according to Gene Ontology biological
process terms.59 Those proteins in group 1 (showing increases
in abundance) were enriched in carbohydrate metabolic process,
while group 3 (showing more modest increases) in respiratory
electron transport chain, ATP synthesis, tricarboxylic acid cycle,
cation transport, mitochondrial transport, acyl-CoA metabolic
process, protein unfolding, and gene expression. On the other
hand, group 2 (showing abundance decreases) were enriched in

cellular amino acid biosynthetic process. These trends are entirely
consistent with expectation, with increases in processes related
to carbohydrate metabolism and respiration accompanied by
decreases in processes related to amino acid biosynthesis. Amino
acid biosynthesis would be expected to decrease when yeast is
grown on alternate carbon sources compared to glucose, as
fermentative capacity and growth rate decreases; the latter was
confirmed from growth rate curves (see Additional files, ESI†).

Whilst we recognise we have not directly measured regulatory
relationships between transcription factors and their targets, we
examined the three protein groups for common, apparently
coordinated, regulation on the different carbon sources. We
looked for transcription factors (TF) associated with the clusters,
dependent on protein fold changes, searching for cluster-wise
enrichment of known TF targets defined according to the YEAS-
TRACT database.44 The enrichment analysis yielded 50 unique
TFs whose targets were significantly (adj. p value o 0.05) over-
represented in the differentially abundant protein set, which were
considered to be regulating all 85 differentially expressed
proteins. This approach to define TF–target networks is parti-
cularly valuable since TF proteins are generally low abundance
molecules and difficult to measure directly with shotgun MS
methods.39 An additional merit of this approach, despite its
indirect nature, is that it does not rely on single TF–target
interactions. Instead, it detects concerted action on a group of
genes which would typify regulons that are often controlled by a
common TF. By similar arguments, the concerted action of
multiple TFs on a single gene can also be detected. When
experimental data is available, this approach will add a new
dimension to text mining analysis for specific TF–gene inter-
actions, since the enrichment analysis encompasses concerted
regulatory action on common gene clusters. In addition to
the transcription factor analysis, we also noted that 7 out of
the 85 differentially expressed proteins were chaperones (out of
60 chaperones reported in the study of Gong et al.)45 and that
16 out of the 85 proteins were mapped chaperone targets (out of
1710 reported targets in the same study). Given that transcrip-
tion factors and chaperones play key roles in the response to
environmental change we constructed a carbon source depen-
dent genetic regulatory network inferred from the protein
clusters and integrated data. In total, the regulatory network
includes 1887 interactions involving 1850 TF and 37 chaperone
interactions (Table A13, ESI†). Strikingly, the regulatory net-
work (Fig. 6) has a highly coherent clustering for cluster 1 that
mirrors the protein profile clusters in Fig. 5. The protein profile
clustering also provides directionality of the changes in protein
expression and therefore the effect type (up or down-regulation) as
well as the magnitude of the effect (weak or strong) (Fig. 6). For
example, cluster 2 shows proteins whose abundance is reduced
under alternate carbon sources, and is significantly enriched for
targets of the following transcription factors (e.g., RAP1, ROX1,
FHL1, YAP6, all with significant enrichment of targets in cluster 2,
padjust o 0.05). Collectively, this information provides an integrated
picture of a complex regulatory network characterizing the adapta-
tion in yeast at the protein level to changes in carbon source; and is
better informed than a simple binary interaction network.

Fig. 3 Comparative protein abundance between glucose and galactose,
maltose and trehalose. (A) Volcano plots of pairwise carbon source
comparisons with glucose, showing the adjusted p value (log10) versus
fold change (log2). Volcano plots show those proteins with statistically
significant differential abundance between the two carbon sources which
were determined from a baseline of an adjusted p value threshold of 0.001.
The plots show a noticeable difference in the number of differentially
abundant proteins between carbon source comparisons. Red dots indicate
positive fold changes and blue dots indicate negative fold changes.
(B) Overlap of statistically significant differentially abundant proteins
between carbon sources.

Research Article Molecular Omics

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 2

3 
D

ec
em

be
r 

20
19

. D
ow

nl
oa

de
d 

on
 7

/2
9/

20
25

 3
:3

2:
29

 P
M

. 
 T

hi
s 

ar
tic

le
 is

 li
ce

ns
ed

 u
nd

er
 a

 C
re

at
iv

e 
C

om
m

on
s 

A
ttr

ib
ut

io
n 

3.
0 

U
np

or
te

d 
L

ic
en

ce
.

View Article Online

http://creativecommons.org/licenses/by/3.0/
http://creativecommons.org/licenses/by/3.0/
https://doi.org/10.1039/c9mo00136k


This journal is©The Royal Society of Chemistry 2020 Mol. Omics, 2020, 16, 59--72 | 65

The regulatory network is complex, involving several control
points (e.g., transcription factors and chaperones) widely spread
across several metabolic pathways. This controlling network is not
just limited to central carbon metabolism; its influence extends to
control points in several connected metabolic pathways including
amino acid metabolism, alcohol fermentation, ergosterol bio-
synthesis, glycerol biosynthesis, nucleotide metabolism, stress
response, mitochondrial transport, and oxidative phosphoryla-
tion. Indeed, Fig. 6 shows the direct role in which the proteo-
static mechanism epitomised by chaperones plays in the
regulation of this broad range of general biosynthetic and
metabolic processes; notably Hsp26 and Hsp12 (both cluster
1 members) are known to be major actors under dietary
restriction and heat shock,60 whilst mitochondrially-active
chaperones (Hsp60, Hsp78, Ssc1) lie in cluster 3.

This analysis can lead to the understanding of the spatial
organization on the interaction of proteins within the regulatory
network. The network reveals the specificity of given TFs acting on
amino acid biosynthesis (cluster 1), as well as those proteins
related to glycolysis, trehalose metabolism and respiration.
Additionally, the network highlights the specificity of the

chaperones and target interactions and their localization in
the architecture of the regulatory network. The attendant
changes in the proteome under different carbon sources were
then cast onto the yeast CC metabolism pathway to provide an
alternative view of these changes; Fig. 7 summarises the routes
whereby changes in nutrient manifest as responses at the
proteome level. For example, the switch to galactose precipitates
down-regulation of glucose transporter HXT1 with attendant
up-regulation of GAL genes as would be expected, and maltose
growth causes a similar switch to maltose import (MAL11) and
catabolism (MAL32). Genes involved in the regulatory network
(highlighted in blue on the figure) are involved in expected
regulatory positions inside the CC metabolism network, such as
at the initiation of glycolysis, in the shift to alcoholic fermenta-
tion, along the TCA cycle, and in starch metabolism (related to
stress condition responses).

Results compared to previously published results

The regulatory network presents a novel integration of quanti-
tative proteomics and existing interactomic data, but bears
some comparison with previously published proteomics and

Fig. 4 GO enrichment analysis. All differentially abundant proteins for all three comparisons (glucose–galactose, glucose–maltose and glucose–
trehalose) were selected and GO biological process enrichment was calculated from the Gene Ontology database, performed separately for up- (red)
and down-regulated proteins (blue), with �log FDR values indicated in the scale.
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transcriptomics studies involved in regulatory networks and
nutrient metabolism in yeast. A previous literature-based recon-
struction of the nutrient-controlled transcriptional regulatory
network regulating metabolism in S. cerevisiae from Herrgard
et al.,13 shares 14 TFs with the current study with 36 unique TFs
described in our study and 46 in Herrard’s. For TF targets,
59 targets are shared with 26 unique targets in our study and
691 in Herrard’s (different in silico methods were used to obtain
this network). The Gygi group have published two quantitative
proteomic studies of yeast grown on different carbon sources.33,61

In the first, 128 TFs were quantified on samples growing on
glucose, galactose and raffinose33 of which 30 were identified in
our enrichment set. In the more recent study61 considering 10
different carbon sources, when comparing against those proteins
with a p value o 0.001 for the cultures growing on glucose–
fructose–sucrose against those growing on the other carbon
sources, we share 76 out of the 85 differentially abundant proteins

in our study. Both these studies used stable isotope labelling
via isobaric tagging, whilst our current study used a simpler
label free approach to define protein changes. Our study is
conceptually very similar, though we have introduced a stringent
quality control step and built an integrated network to extend
this further.

The only direct comparison supported with the Gygi study33

is with our glucose–galactose carbon source proteome changes,
which both labs measured. To enable a direct comparison, we
estimated log2 fold changes for proteins in their dataset to
compare with ours. The overall correlation between estimated
fold changes was positive but modest, with an R2 of 0.26 for
proteins considered to be differentially abundant ( p o 0.01).
This suggests the differences in strain, experimental procedures
and analytical protocols lead to divergence in results. However, we
observed a higher degree of concordance when we compared the
TFs whose targets are enriched in the two differentially abundant

Fig. 5 Heatmap showing the log2 fold changes in relative abundance between glucose and galactose, glucose and maltose and glucose and trehalose
for 85 proteins with significant changes (adjusted p value o 0.001) in protein abundance in comparison with glucose media. Rows are organized by
groups following a K means clustering which yielded three clusters, with results of a GO enrichment analysis on biological process terms indicated
alongside each cluster group, showing attendant FDR values.
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proteomes, where 31 TFs possess significant enrichments in both
data sets (see Additional file A18, ESI†), though again, we stress
that methodological differences make this a challenging com-
parison. Regardless, several notable key TFs involved in central
carbon metabolism and glycolysis were present in both data-
sets. This also included TFs related to general stress responses
S. cerevisiae, as would be expected when the organism adapts
to growth on a sub-optimal carbon source. This includes
Yap1 (and its homolog YAP6) which is a controller of a large
specialized oxidative stress response regulon involving several
proteins,62 Sok2 which regulates yeast transition to filamentous
pseudohyphal growth due to glucose depletion,63,64 and Rpn4
whose induced gene expression is critical for cell viability under
stress conditions through a negative feedback loop in the
expression of proteasome subunits and other genes.65

Some further well-known TF complexes were also represented
in both inferred proteome networks, including Gcr1 and its
activator Gcr2, whose complex regulates the expression of several
glycolytic genes and have also been found to have effects on genes
encoding the TCA cycle and respiration.66 These previously known
results are in accordance with our own findings with both TFs
being found actively linked to all three groups. Another TF
complex found in our study is the HAP complex which coordinates

mitochondrial and nuclear gene expression related to the respira-
tory chain and other mitochondrial processes that define the
metabolic state of the cell.67

Major stress response transcriptional activators were also
enriched, such as Msn2 and Msn4 which play major roles in the
general stress response by mediating the transcription of
hundreds of genes; however, there remains a lack of information
regarding the entirety of the network of proteins that regulate its
activity.68 Therefore, we believe the proposed regulatory network
expands the knowledge on these (and other) TFs via the direct
observation of changes at the proteome level. For example,
when performing an enrichment analysis with the observed
differentially abundant proteins regulated by Msn2/4 they
showed enrichment in several processes such as trehalose
metabolism in response to stress, cellular glucose homeostasis,
carbohydrate phosphorylation, tricarboxylic acid cycle, and
glycolytic process. These results can guide future research
related to those proteins and processes involved in cell stress
response and their control by the Msn2/4 TFs.

A final noteworthy TF is Gcn4, the transcriptional activator
linked to amino acid synthesis, and whose substrates were
strongly enriched in the 85 protein set ( p o 3.4 � 10�6). This
TF is derepressed in amino acid-deprived cells, leading to

Fig. 6 Interaction-based network connecting transcription factors, chaperones and target interactions. All statistically significant shared proteins for all
three comparisons (glucose–galactose, glucose–maltose and glucose–trehalose) were paired to their TF and/or chaperone interactions as described in
the methods. Gene pairs were subsequently connected in a network using Cytoscape.
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transcriptional induction of nearly all genes encoding amino
acid biosynthetic enzymes.69 This regulatory response enables
cells to limit their amino acid consumption and divert
resources instead into amino acid biosynthesis when facing
nutrient-poor environments, and the enrichment of its sub-
strates in the differentially abundant protein pool is consistent
with expectation.

Although many TFs were enriched in both datasets, some
were exclusive to our proteomics data. Of note, members of the
Hap complex (Hap3 and Hap5) were found, which are known
regulators of respiratory genes that are activated in glucose-
depleted media. Similarly, Nrg2 targets were enriched in our
data, a transcription factor activated in stochastic pulses of
nuclear localization in response to low glucose.70 We also

detected enrichment for the histone regulators Hel2 and
Hir3,71,72 and the yeast homeobox Yhp1,73,74 as well as Yap6
another known stress factor.75

Conclusions

In response to the change of carbon source, a widespread
reorganisation of the protein complement is observed in yeast.
This is underpinned by a common regulatory network that
controls the response of the cell based on carbon source
availability. In this study, we used a label-free MS-based strategy
to define key changes in the proteome, integrating this with
existing regulatory relationships, and constructing a carbon

Fig. 7 Comparative protein abundance in central carbon metabolism in S. cerevisiae. Diagram of the central carbon metabolism pathway showing the
interactions between metabolites and enzymes in which all quantified protein SGD names are indicated in red and those proteins included in the
regulatory network in blue; unidentified protein names are in grey. Each dot represents the comparative protein abundance across all three comparisons
(glucose–galactose, glucose–maltose and glucose–trehalose). Dot colour indicates the log2 fold changes in abundance and size indicates the adjusted
p value, with larger dots indicating higher significance.
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source-dependent genetic regulatory network for S. cerevisiae. The
proteomic analysis is in good accordance with previously published
works33,39,61 and the attendant regulatory network brings together
diverse functions including stress defence, amino acid synthesis
and central carbon metabolism. Rather than transcriptomic data,
our network is built on, and derived from, observed protein
abundance changes. This constitutes an alternative approach to
add value to existing regulatory network data since protein changes
can buffer from co-expression artefacts at the transcript level, such
as those arising from proximal expression patterns.20 Indeed, the
yeast response to alternate carbon sources has been very well
characterised at the global transcriptome level;11–13,15–17 however,
to the best of our knowledge, no large-scale proteome studies have
yet generated or refined a network and this is the first such attempt,
using label free proteomics. We suggest that our protein-centric
approach may therefore offer additional advantages, by focussing
on the ‘end product’ (the proteins) of a regulatory pathway,
integrating the complex interactions between TFs, chaperones
and key proteins in carbon source metabolism.

The regulatory network is a complex network involving 1887
interactions including 1850 TF–target and 37 chaperone–target
interactions with control points on different metabolic pathways
such as, amino acid metabolism, alcohol fermentation, ergosterol
biosynthesis, glycerol biosynthesis, central carbon metabolism,
nucleotide metabolism, stress response, mitochondrial protein bio-
synthesis, and oxidative phosphorylation. While many genetic
regulatory networks informing on carbon source availability have
been previously described, these networks have been based on
indirect text mining computational strategies and transcriptomics
analyses.1,12,15,16,18,19 Additionally, in the present work we provide
evidence from which regulatory effect type and strength can be
predicted, from the attendant protein abundance changes in terms
of direction (up or down) and size. This provides supporting
evidence as to whether the putative regulation is weak or strong,
and whether it appears to be activation or suppression of the affected
protein. We recognise that we do not directly observe the regulatory
mechanism itself, since we do not measure transcriptional or
translational control directly, nor protein turnover; however, the
observed proteome changes can be judged to be in accordance with
previously characterised and known TF–target and chaperone–target
interactions linked to dietary stress, lending confidence to the
network. Whilst we recognise that an increase/decrease in intra-
cellular enzyme concentration might not always lead to a directly
equivalent change in glycolytic flux (for example see ref. 76 and 77),
we do see attendant changes in the metabolic map (see Fig. 7).
Consequently, we believe this adds to understanding of signalling
pathways in yeast central carbon metabolism, and the integrated
MS-informed network approach offers a convenient tool to construct
complex cell signalling networks and has wide applicability for
genome-scale metabolic modelling which considers the proteome.
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