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INTRODUCTION

Reversible protein phosphorylation is a key regulatory mechanism of
many cellular functions in all living species (1, 2). A complex hierarchical
network of kinases and phosphatases, known as the kinome, regulates phosphorylation of about 30% of the human proteome and 75% of the yeast
proteome (3, 4). Signaling by the kinome affects proteins at multiple regulatory layers, controlling the activity, abundance, and localization of proteins (5).
The yeast Saccharomyces cerevisiae is extensively used as a model
organism to investigate the functionality of phosphorylation events. Early
studies in yeast were mostly aimed at identifying kinase substrates using in
vitro kinase assays (6), whereas recent technological advances have
enabled proteome-wide mapping of phosphorylation sites in vivo (7).
Systems-level studies monitoring growth (1, 8) or changes in the abundance of transcripts (9) or protein phosphorylation (7) in yeast have resolved the effect of deletion or overexpression of individual members of
a network of greater than 130 kinases and 50 phosphatases. These studies
provide an invaluable resource to investigate the global impact of phosphorylation on adaptation to environmental (10) or internal signals (11).
Here, we investigated the regulatory impact of phosphorylation in
modulating not only central metabolic pathways, such as glycolysis or
the tricarboxylic acid (TCA) cycle, but also peripheral metabolic pathways, such as amino acid and nucleotide synthesis and degradation.
Although a relatively comprehensive topology of the yeast kinome
network is emerging (7, 12), methods capable of systematically assessing
the in vivo relevance and function of protein phosphorylation lag behind.
To investigate the impact of deletion of individual phosphatases or kinases
on yeast metabolism, we used a nontargeted mass spectrometry (MS)
approach (13) capable of quantifying about 28% of the metabolites in
S. cerevisiae (14). We considered the concentration of metabolites as functional readouts that integrate effects from multiple regulatory mechanisms
converging on metabolic enzyme activity. To assess the role of protein phos1
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phorylation in the regulation of metabolism, we evaluated metabolic profiles
of a library of 118 kinase and phosphatase yeast deletion strains grown in
chemically defined medium identical to that previously used to grow these
yeast deletion strains for phosphoproteomic analyses (7), and integrated
our metabolomics data with the published phosphoproteomics data.
By quantifying relative changes in the concentrations of hundreds of intracellular metabolites between wild-type yeast and yeast with individual
kinase or phosphatase deletions, we expanded the range of observed phenotypes beyond those routinely monitored in classical physiological studies.

RESULTS

Metabolic profiles of yeast strains with deletions of
genes encoding kinases or phosphatases
More than half of the 900 metabolic enzymes in yeast are phosphorylated,
but the extent to which changes in the phosphorylation state of a metabolic
enzyme modifies its activity in vivo is known for only 24 enzymes (table S1).
To understand how alterations in protein phosphorylation affect the composition of metabolites in yeast, we performed metabolic profiling of mutant yeast using a recently developed nontargeted MS approach (13). We
grew 118 yeast strains with deletions of genes encoding 91 kinases and 27
phosphatases in sextuplet in 96-well plates in synthetic defined medium
with glucose and amino acids. In these conditions, fewer than 10% of the
yeast deletion strains had growth rates that deviated greater than 20% from
that of wild-type yeast (fig. S1). We extracted intracellular metabolites
during the exponential growth phase and analyzed the concentrations of
metabolites using direct injection and time-of-flight (TOF) MS (13). In
total, we detected 1710 ions that we annotated with putative identities using
metabolite masses from the Kyoto Encyclopedia of Genes and Genomes
(KEGG) database (15) (table S2). When we considered only metabolites
annotated within the genome-wide metabolic model of yeast (14), 145 observed ions matched 216 deprotonated annotated metabolites, whereas
when we included ions with neutral losses (table S2), 500 observed ions
matched 716 deprotonated annotated metabolites.
To identify changes in the concentrations of metabolites induced by
inactivation of kinases or phosphatases, we calculated the ion intensity
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Protein phosphorylation is a widespread posttranslational modification that regulates almost all cellular
functions. To investigate the large number of phosphorylation events with unknown functions, we
monitored the concentrations of several hundred intracellular metabolites in Saccharomyces cerevisiae
yeast strains with deletions of 118 kinases or phosphatases. Whereas most deletion strains had no detectable difference in growth compared to wild-type yeast, two-thirds of deletion strains had alterations in
metabolic profiles. For about half of the kinases and phosphatases encoded by the deleted genes, we
inferred specific regulatory roles on the basis of knowledge about the affected metabolic pathways. We
demonstrated that the phosphatase Ppq1 was required for metal homeostasis. Combining metabolomic
data with published phosphoproteomic data in a stoichiometric model enabled us to predict functions for
phosphorylation in the regulation of 47 enzymes. Overall, we provided insights and testable predictions
covering greater than twice the number of known phosphorylated enzymes in yeast, suggesting extensive
phosphorylation-dependent regulation of yeast metabolism.
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Fig. 1. Metabolic impact of kinase and phosphatase deletions. (A) Relative distribution of yeast deletion strains in four
groups divided according to the number of metabolites with
significant altered concentrations (log2 fold changes ≥0.8
and a corrected P value ≤0.001) from among the 1710 metabolites identified in 118 deletion strains. (B) Frequency of
enriched metabolic pathways (P ≤ 0.05) among the four different kinase and phosphatase impact groups.
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of metabolites in yeast deletion strains divided by
the ion intensity in the appropriate negative control strains (fold change ratio) (7). We assessed
the variance of relative ion intensity in replicate
experiments of wild-type yeast to determine statistical cutoffs. We found that 61% of yeast deletion strains had a significant change in at least
one of the 1710 detected ions (table S3). We
categorized each deletion strain as silent, low,
average, or high impact based on the number
of metabolites that showed a change in concentration (Fig. 1A, fig. S1A, and table S4). We
performed gene ontology (GO) analysis of the
proteins corresponding to the 27 high-impact
deletion strains and found that these proteins
were enriched for annotations associated with
cell division, organelle, or cytoskeleton organization (table S5). Proteins encoded by high-impact
deletion strains included proteins with key roles
in nutrient response—Snf1, Tpk1, and Pho85—
consistent with the previous identification of
these proteins as hubs in networks derived from
large-scale genetic interaction studies (8). Five
high-impact deletion strains had severely reduced growth relative to wild-type yeast. Overall, the relative growth of the deletion strains did
not correlate with the number of metabolites with
significantly altered concentration (fig. S1B).
All other impact classes spread over many GO
classes (table S5).
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Reconstruction of metabolic associations for kinases
and phosphatases

with metabolism of lysine, glycosylphosphatidylinositol, pyrimidine, histidine, or b-alanine (Fig. 1B) (table S7). The low complexity of the metabolic responses in the low-impact deletion strains enabled us to identify
previously unknown relationships between six kinases or phosphatases
and the metabolism of pantothenate, sphingolipid, propanoate or tryptophan,
or the TCA cycle (Fig. 1B). In most high-impact deletion strains, affected
metabolites clustered in four or fewer metabolic pathways (fig. S2). For
example, the affected metabolites in the high-impact deletion strain corresponding to the kinase Snf1 were only enriched in the glycolysis and
glycerolphospholipid synthesis pathways (table S7), consistent with the
role of Snf1 in regulating glycolysis and lipid biosynthesis (25).
Although many phosphorylated enzymes affect the TCA cycle (26),
only the oca1D, ptc6D, and ppq1D strains had metabolic profiles enriched
for this pathway (table S7). Of these three, only PTC6 is reported to influence cellular respiration (20). PPQ1 and OCA1 show a strong positive
genetic interaction (8). However, the proteins encoded by these genes have
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To gain a system-level understanding of how kinases and phosphatases
regulate various metabolic enzymes, we performed an enrichment analysis
of the KEGG pathway annotations for metabolites that were altered in kinase and phosphatase deletion strains. For about 80% of the kinase and
phosphatase deletion strains with detectable metabolic changes, we found
at least one significantly enriched pathway (table S7). Generally, the
affected metabolites were not evenly distributed over the metabolic network but were frequently components of peripheral metabolic pathways.
For example, many deletion strains had changes in metabolites associated
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Phosphorylation-mediated metabolic changes may be induced by modulation of enzyme activity or by alterations in local protein abundance due
to degradation, translocation, or transcription. However, significant transcriptional changes are present in only 26% of these kinase and phosphatase deletion strains (9), which is comparable to the low percentage (10%) of strains
we observed with obvious growth phenotypes (table S4), but contrasts the
large percentage (78%) of strains with significant changes in protein phosphorylation (7). Thus, direct effects due to the deletion of kinases and phosphatases may be more frequent than indirect effects on transcription mediated
by changes in the activity of transcription factors, suggesting that steady-state
metabolic changes in these deletion strains are more likely to result from modulation of phosphorylation rather than transcription of metabolic enzymes.
To test if the deletion of kinases or phosphatases that perform related
functions led to similar patterns of metabolic changes, we calculated the
pairwise similarity between metabolic profiles of each deletion strain and
clustered the strains using an affinity propagation algorithm (16) into 15
different groups (table S4). Several clusters were enriched for at least one
GO category or for “functional” interactions according to the STRING
database (17) (table S6). Most of the phosphatases or kinases involved
in global processes, such as cell cycle or mating, clustered together. For example, Pph20 and Pph21—two alternative catalytic subunits of protein
phosphatase 2A (PP2A) (18)—clustered together, whereas Ptc4 and Sdp1—
two phosphatases that interact with the mitogen-activated protein (MAP)
kinase SLT2 (17)—clustered together (table S4). In contrast, we observed
divergent metabolic profiles for some proteins that regulate analogous
metabolic functions—for example, among Tpk1, Tpk2, and Tpk3, which
are different isoforms of the catalytic unit of protein kinase A (PKA) (19),
suggesting that these proteins may have nonredundant roles. In addition,
divergence of metabolic profiles in yeast with deletion of genes encoding
related proteins could result from condition-dependent activity. For example, Ptc6 and Ptc5 are phosphatases that dephosphorylate and thereby inactivate pyruvate dehydrogenase (20). However, only Ptc6, and not Ptc5,
showed significant metabolic changes (table S3), suggesting that only Ptc6
is active in the chemically defined medium used in this study.
One of the largest clusters of deletion strains with similar metabolic profiles contained 11 kinases (cluster number 100; table S4). Most of these
kinases had functional or physical interactions with each other as annotated in STRING (table S6). Moreover, most of these kinases are involved
in responses to stress (21, 22). Two kinases in this cluster, STE11 and
FUS3, are involved in pheromone signaling (23). a-Trehalose plays a role
in stress responses and desensitization to stimulation with the pheromone
a factor (24), and a-trehalose accumulated in all deletion strains in this
cluster (Fig. 2A and table S4). Three of the proteins in this cluster—
AKL1, SKM1, and VHS1—have no known interaction (annotated in
the STRING database) with the other eight proteins in the cluster (Fig.
2B). Thus, we identified clusters of kinases and phosphatases that are required for complex metabolic regulation in yeast that largely occurs
independent of transcriptional regulation and growth.

FUS3
AKL1

Fig. 2. Deletions of kinases and phosphatases eliciting similar metabolic
profiles. (A) Scatter plot comparing metabolic changes (log2 fold changes)
observed in fus3D and ste11D (Pearson correlation coefficient = 0.89). Dots
are color-coded according to the magnitude of changes observed in a third
deletion strain (akl1D) (Pearson correlation coefficient = 0.82). (B) Network
graph of interactions among proteins annotated in the STRING database
(17) corresponding to deletion strains in the same metabolome-based
cluster (cluster 100 in table S4). Red dashed lines indicate that there
was no interaction in STRING.
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To understand the relationship between Ppq1 and the TCA cycle, we
evaluated metabolic profiles of ppq1D yeast in different nutrient conditions. Citrate is the first intermediate in the oxidative branch of the TCA
cycle, and the increased abundance of citrate in ppq1D yeast could reflect
imbalanced cellular respiration. ppq1D yeast had higher citrate concentrations
when grown with the carbon sources ethanol or galactose, which are substrates that favor oxidative metabolism (29), compared to glucose, which
promotes fermentative (glycolytic) metabolism (Fig. 3B). The rate of exponential growth of ppq1D yeast was similar to the wild-type yeast when
grown on most carbon sources and slightly slower on ethanol (table S8).
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divergent functions. PPQ1 regulates translational accuracy (27), whereas
OCA1 is required for cell cycle arrest in response to oxidative damage
(28). Deletion of OCA1 caused metabolic changes in several pathways,
whereas deletion of PPQ1 specifically affected the TCA cycle metabolites
citrate and isocitrate, which exhibited the largest increases in ppq1D yeast
(table S3). Targeted liquid chromatography–tandem MS (LC-MS/MS)
showed that the concentration of citrate was equally increased in the auxotrophic and prototrophic deletion strains of PPQ1, but that there was less
accumulation of the downstream metabolite isocitrate in the prototrophic
deletion strain of PPQ1 (Fig. 3A).

2.5
2

5-Amino-6-(D ribitylamino)uracil

1.5
1

L-Gamma-glutamyl-L -

0.5

cysteine

0

Auxotrophic

Prototrophic

C

Uracil
350
WT
ppq1∆

2-Deoxy- D-ribofuranose
1-phosphate, 2-deoxy-D ribose 5-phosphate

Diauxic shift time (min)

300

Ethanol

250

Galactose
l -Glutamine

200

Glucose

150

Gamma-amino-gammacyanobutanoic acid

100

50

0

l -Proline
0

5

10

15

20

25

Glucose (g/liter)
Aconitate

Fig. 3. Phenotypic characterization of ppq1D yeast. (A) Graph of the relative
concentration [fold change compared to wild-type (WT) yeast] of the indicated metabolites in auxotrophic or prototrophic ppq1D yeast strains grown
with (auxotrophic) or without (prototrophic) supplementary amino acids. (R)-S-lactoylglutathione
Metabolite concentrations were measured by targeted LC-MS/MS. Data
are means ± SD of three biological replicates. (B) Graph of the relative concentrations (fold
change compared to WT yeast) of selected metabolites in ppq1D yeast grown in medium with
0
2
4
6
the indicated carbon sources. Metabolic concentrations were measured using nontargeted MS.
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(log
fold
change)
2
Data are means ± SD of three biological replicates. (C) Graph of the diauxic shift time in WT and
ppq1∆ /WT
ppq1D yeast grown in a minimal medium with the indicated glucose concentrations (x axis). Data
are means ± SD of three biological replicates. P < 0.01 for all concentrations of glucose, paired t test.
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However, the diauxic shift from glucose to ethanol was greatly delayed in
ppq1D yeast compared to wild-type yeast (Fig. 3C), suggesting that Ppq1
is important for adaptation on nonfermentable carbon sources.
To investigate the mechanism by which Ppq1 affects the TCA cycle–
related processes, we explored the functions of proteins that are differentially phosphorylated in ppq1D yeast compared to wild-type yeast. Among
24 proteins that are differentially phosphorylated in ppq1D yeast, Spl2 and
Pho84 are the proteins with the largest increase in phosphorylation (table
S9) (7). Spl2 decreases low-affinity phosphate transport in yeast grown in
medium with reduced phosphates (30), and pho84D yeast have enhanced
resistance to high concentrations of manganese (Mn) (31). The largest reduction in phosphorylation of any protein in ppq1D yeast occurs on the
cytosolic superoxide dismutase Sod1 (7). Growth defects in sod1D yeast
are reversed by supplementing the growth medium with Mn, which generates catalytic Mn antioxidants that can directly react with superoxide and
protect proteins from oxidative damage providing an intracellular ROS (re-
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Paraquat

A

active oxygen species) scavenging activity (32, 33). Moreover, the cellular
redox state directly affects the activity of several enzymes in the TCA
cycle (34–36), and deletion of the Mn-binding mitochondrial superoxide
dismutase (Sod2) increases the concentration of citrate by impairing Aco1,
the enzyme that converts citrate to isocitrate through an aconitate intermediate (36). Thus, the associated differential phosphorylation of Pho84 and
Sod1 and increased concentration of citrate suggested the existence of regulatory mechanisms that compensate for an imbalance of Mn or redox
homeostasis in ppq1D yeast.
To test if Ppq1 was required for Mn homeostasis and the oxidative
stress response, we monitored changes in metabolic profiles of wild-type
and ppq1D yeast exposed to excess Mn or the oxidative stress–inducing
agent paraquat. The metabolic profiles (Fig. 4A) and inhibition of growth
(Fig. 4B) induced by paraquat were almost indistinguishable between
ppq1D and wild-type yeast. However, in the presence of excess Mn,
ppq1D yeast had a different metabolic response (Fig. 4A) and were more
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Fig. 4. Metabolomic response of ppq1D yeast to environmental stress. (A)
Symmetric heatmap of pairwise Pearson similarity between the metabolomic responses to excess Mn or paraquat in WT or ppq1D yeast. (B) Spot
assay of sensitivity to growth inhibition by excess Mn or paraquat. A series
of fivefold dilutions of exponentially growing ppq1D and WT yeast were
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spotted on agar plates containing galactose as carbon source and either
MnCl (4 mM) or paraquat (250 mM). A representative example of triplicate
experiments is shown. (C) Fold changes of citrate, aconitate, and a-trehalose
concentrations before and after 2 hours of exposure to excess Mn or paraquat. Data are means ± SD of three biological replicates.
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Inferring functionality of phosphorylation events

Identification of functional phosphorylated sites using
locality scoring

We developed a “locality” scoring procedure to obtain insight about the
functional roles of individual phosphorylated sites in metabolic enzymes.
The computation of the locality score uses the network distance between
the phosphorylated enzymes and metabolites to weigh the strength of the correlations between changes in phosphorylation of specific sites and changes in
the concentration of metabolites across all the yeast deletion strains where
phosphorylation of that site was detected. We used a permutation test to
evaluate the statistical significance of the locality scores. In addition, because the activity of an enzyme can be determined by phosphorylation
at multiple sites, we also computed locality scores for changes in the
abundance of up to three phosphorylated peptides from the same enzyme.
For 47 enzymes, we found significant locality scores, indicating that the
change in phosphorylation of at least one site was accompanied by coherent metabolic changes in the network vicinity of the phosphorylated enzyme (Table 1).
Of the 24 metabolic enzymes reported in the literature to have phosphorylation-dependent functions (table S1), 16 showed detectable changes
in phosphorylation in the phosphoproteomic analysis of kinase and
phosphatase deletion strains (7), and thus could be tested by the locality
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Fig. 5. Analysis of the network proximity of phosphoproteomic and metabolic changes. Values on the x axis are the percentage of metabolic enzymes
with alterations in phosphorylation changes in each kinase or phosphatase
deletion strain for a given fold change threshold calculated from the data in
(7). For each threshold, a binary matrix of phosphorylated enzymes was
compared to the metabolomics data for each strain by ROC analysis.
Values on the y axis indicate the AUC index calculated for metabolites that
are substrates or products of reactions at network distance between one
and seven reactions. The larger the AUC, the stronger the association between phosphorylation and metabolic changes. An AUC of 0.5 corresponds to random associations.
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The similarity of metabolic profiles among different kinase and phosphatase yeast deletion strains (table S4) suggested that there may be functional
similarities among the encoded proteins. Therefore, we derived a map of
interactions between kinases and phosphatases and the metabolic pathways enriched for metabolites that were differentially regulated in kinase
or phosphatase deletion strains (Fig. 1 and table S7). To identify the function of individual phosphorylation events, we integrated published phosphoproteomics data (7) with our metabolomics data (fig. S6). We
hypothesized that the largest changes in the concentration of metabolites
should occur in the network vicinity of metabolic enzymes with activity that
was affected by altered phosphorylation as a result of deletion of the encoded
kinase or phosphatase.
To test this hypothesis, we overlaid the quantified metabolites on a
stoichiometric model of yeast metabolism for each yeast deletion strain
(14). The stoichiometric model was used to calculate a pairwise distance
matrix between enzymes and metabolites by means of the minimum number of connecting enzymatic reactions. Hence, we assessed the probability that a significant change in the phosphorylation state of the metabolic
enzyme was associated with changes in the concentrations of the substrates or
products of the reactions it catalyzes (relative to that of more distant metabolites). For each metabolic enzyme (7), we considered the total change
in phosphorylation state as the sum of all increases or decreases in the
abundance of phosphopeptides representing changes in phosphorylation
at different sites on that enzyme. Only phosphorylation events above an
arbitrary fold change cutoff were selected, yielding a binary association
matrix between kinase or phosphatase deletion strains and phosphorylated
metabolic enzymes. We estimated the probability that the largest changes
in the concentrations of metabolites occurred at different distances (from
one to seven enzymatic reactions) from the phosphorylated enzyme by determining the area under the curve (AUC) of the corresponding receiver
operating characteristic (ROC) curve as an estimate of the trade-off between sensitivity and false discovery. A large AUC indicated that the magnitude of the change in concentration of metabolites in a yeast deletion
strain was larger for substrates or products of reactions catalyzed by a differentially phosphorylated enzyme in the same yeast strain. A small AUC
indicated that metabolic changes were randomly distributed among metabolites more distal to differentially phosphorylated enzymes in a given yeast
strain. We found a higher probability (larger AUC) for changes in metabolite concentrations with one degree of separation from differentially phosphorylated enzymes (Fig. 5). To evaluate the statistical robustness of this
observation, we selected a range of different fold change cutoffs (from 95
to 99.9%) representing metabolic enzymes with the largest changes in
phosphorylation. At any cutoff, the AUC was progressively lower with
increased distance from differentially phosphorylated enzymes (Fig. 5).

This observation of proximal metabolic changes propagating from a differentially phosphorylated enzyme is consistent with the proximity of
steady-state metabolite responses previously described for overexpression
of individual enzymes in yeast (37).

Coherence of metabolomic
and phosphoproteomic
changes (AUC)

sensitive to growth inhibition (Fig. 4B) compared to wild-type yeast.
Moreover, in wild-type yeast, the concentrations of citrate and aconitate
were more sensitive to excess Mn than other metabolites, including the
stress-responsive metabolite a-trehalose. There was a larger increase in
citrate and aconitate in response to excess Mn in ppq1D yeast compared
to wild-type yeast (Fig. 4, A and C), consistent with the hypothesis that
ppq1D yeast have an impaired response to excess Mn, primarily reflected
in an altered concentration of the early intermediates in the oxidative branch
of the TCA cycle. Exposure to paraquat increased the concentration of
a-trehalose in both wild-type and ppq1D yeast (Fig. 4C). In contrast, exposure to excess Mn increased the concentration of a-trehalose in ppq1D,
but not in wild-type yeast (Fig. 4C). Therefore, Ppq1 suppresses the activity
of proteins that govern Mn homeostasis and thereby affects the activity of
the TCA cycle.

RESEARCH RESOURCE
scoring procedure. Of these, phosphorylation changes in nine metabolic
enzymes—Acc1, Cki1, Gpd1, Gpd2, Gys2, Nha1, Pda1, Pfk2, and Tgl4
(10, 20, 38–44)—correlated with local metabolic changes (Table 1). Analysis
of individual sites in three of these enzymes—Pda1, Gpd1, and Gpd2—
correctly identified that phosphorylation of specific residues (and whether
phosphorylation of one residue or several residues in combination) correlated with metabolic changes consistent with the annotated functions

of these enzymes (table S10). For example, the locality score of Ser313,
but not Tyr309, of Pda1 indicated that phosphorylation of this site was relevant to changes in the metabolic profiles across deletion strains (table S10),
consistent with published data (20). Similarly, for Gpd1, combinations of
phosphorylation of Ser23, Ser24, Ser25, and Ser27, but not phosphorylation
at any one site, correlated with the expected changes in metabolite concentrations (table S10), consistent with published data (10). In the Gpd1 paralog

Table 1. Results obtained from the locality scoring procedure.
Each row shows a phosphorylated metabolic enzyme in association
with the minimum number of significant phosphosites predicted to
affect its activity and the corresponding P value. Full details of the
prediction including the amino acid sequence of the phosphorylated

peptides are in table S10. The most probable direct regulators of these
phosphorylated sites are shown in the last four columns according to
(7). Fold change (log2) indicates the phosphorylation changes relative
to the corresponding reference wild-type strain. SGD, Saccharomyces
Genome Database.
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FOL2
HXT2
CYS3
PRX1
PSA1
TPS3
HXT1
KCS1
CKI1
GSY2
PFK2
ARO1
PRS5
YBT1
PXA2
TGL4
GPD2
PDA1
FEN1

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
2
1
3
1
1
1
1
1
2
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
2
1
1
1
1
1

0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.001
0.002
0.002
0.002
0.003
0.006
0.007
0.007
0.008
0.008
0.009
0.013
0.015
0.016
0.019
0.021
0.022
0.025
0.027
0.029
0.029
0.03
0.03
0.035
0.038
0.039
0.04
0.048
0.05

PPS1
PPT1
YVH1
SIW14
YVH1
PTC4
SIW14
PTC1
PTC3
CNA1
YCR079W
SIW14
PTC4
CMP2
YCR079W
YVH1
PPS1
YGR203W
YGR203W
PTP1
PPS1
SIW14
SIT4
PTC1
PPQ1
SIW14
PSR1
PTC7
SIW14
SIW14
PTP2
YGR203W
PTC1
PTC5
CNA1
PTC7
PPH21
PPH21
PPH3
PPQ1
SIT4
OCA1
CNA1
PSR1
YVH1
PTC7
PPH3

1.931
0.882
1.064
1.567
2.081
0.496
2.004
0.05
0.658
0.096
1.162
0.196
3.809
1.131
1.937
0.805
0.632
2.397
0.896
2.336
2.363
0.592
1.411
1.289
1.12
0.635
2.562
0.992
0.959
0.65
0.173
2.119
0.434
0.959
3.438
0.454
2.409
2.711
1.109
–0.509
0.878
0.116
0.908
1.654
1.474
0.732
1.912

VPS15
TPK2
VPS34
CMK1
PHO85
YPK1
TOS3
PKH3
KIN82
ELM1
PKH3
SNF1
KNS1
BUD32
MCK1
RCK2
RCK2
HSL1
BUB1
CTK1
RCK2
HRR25
YKL171W
PTK1
PKP1
BUD32
YPK2
SPS1
YKL161C
YPK2
PRK1
SWE1
HSL1
CTK1
HOG1
PTK1
YPK1
MCK1
SNF1
TPK1
PSK1
SPS1
PKP1
ELM1
AKL1
PKP1
MCK1

–1.857
–0.882
–1.409
–1.824
–4.152
–1.18
–1.985
–2.209
–0.804
–0.863
–5.342
–2.966
–1.88
–2.46
–9.811
–1.16
–1.229
–1.025
–1.319
–4.141
–2.358
–0.534
–3.395
–7.352
–4.517
–1.639
–2.819
–1.761
–0.64
–2.059
–1.239
–1.211
–1.214
–2.696
–6.643
–1.85
–2.019
–8.968
–2.31
–1.109
–2.504
–1.772
–1.141
–1.392
–3.216
–10.47
–4.357

www.SCIENCESIGNALING.org

25 November 2014

Vol 7 Issue 353 rs6

7

Downloaded from http://stke.sciencemag.org/ on February 2, 2015

Locus ID

RESEARCH RESOURCE
growth rates similar to that of lys20D-lys21D yeast complemented with
wild-type Lys20 or Lys21 in the absence of supplemental lysine, suggesting
that changes in the phosphorylation state of homocitrate synthases may
not affect lysine biosynthesis or that compensatory mechanisms may account for disruption of the phosphorylation-dependent regulation of these
enzymes.
Thus, we monitored metabolite concentrations in lys20D-lys21D yeast
complemented with wild-type or mutant Lys20 or Lys21 in the absence of
supplemental lysine. Compared to lys20D-lys21D yeast transformed with
wild-type Lys20, those transformed with Lys20-T396A, but not Lys20S395A, had increased concentration of lysine and homocitrate (Fig. 6,
A and B). In contrast, lys20D-lys21D yeast transformed with Lys20
[S395E-T396E-S410E] had a slight, but statistically significant, decrease
in the concentration of lysine (Fig. 6A). Expression of mutant Lys21 in
lys20D-lys21D yeast did not affect the concentration of homocitrate,
whereas expression of either Lys21-S409A or Lys21[S409E-T410E] in these
yeast reduced the concentration of lysine, relative to expression of wildtype Lys21 in these yeast (Fig. 6A). Thus, both Lys20 and Lys21 contribute
to lysine biosynthesis, and phosphorylation may inhibit Lys20 activity.
Among the kinase and phosphatase yeast deletion strains, in pho85D yeast,
we found a fourfold increase in the concentration of lysine (Table 1) and a
fourfold reduction of phosphorylation of Lys20 (Table 1), suggesting
that Pho85 may inhibit lysine production through phosphorylation of Lys20.
A
2.5
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2

***

Lysine

Relative fold change

Homoaconitate

Phosphorylation of enzymes involved in
lysine metabolism

Homocitrate

***
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1
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*
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0.5

0

B

S409E-T410E

S409A

S395A

Lys21

T396A

S395E-T396E
-S410E

Lys20

2.5

Relative fold change

Fig. 6. Metabolite concentrations in
lys20D-lys21D yeast transformed with
2
WT or mutant Lys20 or Lys21 and
grown without lysine. (A) Metabolic
1.5
intermediates (oxoglutarate, homoaconitate, homocitrate, and lysine) in
1
the lysine biosynthesis pathway were
quantified by nontargeted MS. Data
0.5
are means ± SD of three biological
replicates. Fold change was calcu0
lated relative to lys20D-lys21D yeast
transformed with the WT Lys20 or
Lys21. *P ≤ 0.1, **P ≤ 0.05, ***P ≤
0.01, t test. (B) LC-MS/MS was used
to confirm the accumulation of lysine synthesis intermediates in the
lys20D-lys21D expressing Lys20-T309A compared to those expressing
WT Lys20. Data are means ± SD of three biological replicates.
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We found that lysine biosynthesis was one of the most frequently affected
pathways in yeast deletion strains in our metabolomics screen (Fig. 1B). In
yeast, lysine biosynthesis is enhanced by the DNA binding transcriptional
factor Lys14 and modulated by allosteric feedback control from multiple
pathway intermediates (46–49). The homocitrate synthase isoenzymes
Lys20 and Lys21 catalyze the first step in lysine biosynthesis, converting
oxoglutarate in homocitrate. The locality score analysis predicted that
phosphorylation of Ser409 on Lys21 or phosphorylation of Thr396, Ser410,
or both Thr396 and Ser410 on Lys20 may affect the activity of these enzymes (table S10). To experimentally test these predictions, we replaced
these residues with alanine to prevent phosphorylation or with glutamate
to mimic constitutive phosphorylation. Plasmids encoding either the wildtype or the mutant Lys20 or Lys21 were transformed into yeast with
knockout of both LYS20 and LYS21 (lys20D-lys21D), which do not grow
without supplemental lysine in the medium (table S3). Nevertheless, even
in the presence of supplemental lysine in the medium, the growth of lys20Dlys21D yeast was inhibited compared to wild-type yeast (fig. S4A), indicating that the amount of lysine supplemented in the medium is limiting.
In contrast, lys20D-lys21D yeast complemented with wild-type Lys20 or
Lys 21 had growth rates similar to wild-type yeast in the absence of
supplemental lysine (fig. S4A). Moreover, lys20D-lys21D yeast complemented with mutant Lys20 (fig. S4B) or mutant Lys21 (fig. S4C) showed
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Gpd2, a change in the phosphorylation of one site was sufficient to yield
local metabolic changes; however, the locality score of metabolic changes
had a smaller P value when multiple sites on Gpd2 were phosphorylated
(table S10), suggesting that multiple phosphorylation events are important
for the activity of Gpd2, consistent with published results (39).
For the other metabolic enzymes with reported phosphorylationdependent function, we observed different relationships between the phosphoproteomic and metabolomic changes. For example, in Nha1 or Pfk2,
phosphorylation of the known site was predictive of metabolic changes
only when in combination with phosphorylation of at least one additional
site. Phosphorylation of Thr765 and Thr876 promotes the activity of Nha1
(40), and these sites were only detected in doubly phosphorylated peptides
(Thr765 and Ser768 or Thr874 and Thr876), and phosphorylation of these
sites in combination with phosphorylation of Ser478 or Ser479 correlated
with metabolic changes (table S10). Mutation of Ser163 inhibits the activity of Pfk2 (10), but none of the detected singly phosphorylated peptides
(Ser163, Ser167, Ser171, or Tyr172) had a significant locality score. However,
combinations of two or more phosphorylated sites that included Ser167
correlated with metabolic changes across yeast deletion strains (table
S10). The predictive value of phosphorylation of individual sites in Cki1,
Gys2, and Tgl4 that are phosphorylated could not be tested because of
lack of data from the phosphoproteomics analysis.
Thus, the agreement of the locality score–based predictions with published data supported the ability of this computational approach to predict
previously uncharacterized phosphorylation-dependent regulation of metabolic enzyme activity and suggested that the other 38 enzymes with significant locality scores (Table 1) are candidates in which phosphorylation
is likely to play a role in modulating their metabolic activity. For example,
although phosphorylation of Acc1 is known to regulate its function (38, 45),
the specific site has not been reported, and the locality score analysis predicted that either Ser1157 or Ser1159 was likely to be the functionally relevant residue. In addition, 28 of these 38 enzymes undergo changes in
phosphorylation in response to changes in the environmental conditions
of yeast (10), suggesting that these enzymes may modulate metabolic responses to external stimuli.

RESEARCH RESOURCE
DISCUSSION

MATERIALS AND METHODS

Strains and cultivation
S. cerevisiae strains corresponding to individual deletions of 91 kinases
and 27 phosphatases were obtained from (7). We removed one strain
(ssn3D) because of extremely slow growth. Cultures were grown in a synthetic defined medium prepared as in (7), containing 1.7 g of yeast nitrogen base without amino acids and ammonium sulfate (Chemie Brunschwig),
5 g of ammonium sulfate, 20 g of glucose, 0.03 g of isoleucine, 0.15 g of
valine, 0.04 g of adenine, 0.02 g of arginine, 0.02 g of histidine, 0.1 g of
leucine, 0.03 g of lysine, 0.02 g of methionine, 0.05 g of phenylalanine,
0.2 g of threonine, 0.04 g of tryptophan, 0.03 g of tyrosine, 0.02 g of
uracil, 0.1 g of glutamic acid, and 0.1 g of aspartic acid per liter. Medium
prepared with yeast nitrogen base contained MnSO4 (400 mg/liter). For
growth without lysine, the same medium was prepared without lysine. The
prototrophic ppq1D and respective wild-type reference JHY222 strains
were provided by A. Chu and J. Horecka (Stanford University) and cultivated
in Verduyn minimal medium (67) with either glucose (20 g/liter), galactose
(20 g/liter), or ethanol (15.4 g/liter) as the sole carbon source. Verduyn medium contains MnCl2 4H2O (1 mg/liter). In the diauxic shift experiment,
wild-type and ppq1D yeast strains were grown in Verduyn minimal medium with glucose as carbon source.
To generate the LYS20 and LYS21 double deletion strain, we first replaced the kanamycin resistance cassette (KanMX) in lys20D yeast with
the nourseothricin resistance cassette (NatMX) by transformation and homologous recombination. We used DNA from the resulting lys20D (NatMX)
strain as a template for the polymerase chain reaction (PCR)–based
amplification of the NatMX cassette including at least 200 base pairs of
the flanking region of the LYS20 gene. The resulting DNA amplicon was
transformed into lys21D (KanMX) to obtain lys20D (NatMX)–lys21D
(KanMX). Transformants were selected on yeast peptone dextrose (YPD)
plates containing nourseothricin (100 mg/liter) and geneticin (200 mg/liter)
(G418). Plasmids carrying mutations of LYS20 or LYS21 were generated by
first cloning the wild-type sequence (68), including the native promoter
region, into the vector pRS416 that contains the ura3 selection marker.
Single-site mutated variants were generated by whole-plasmid PCR
with the QuikChange Site-Directed Mutagenesis Kit (Roche), and all constructs were verified by sequencing. The triple phosphosite mutation
Lys20[S395E-T396E-S410E] and the double phosphosite mutation
Lys21[S409E-T410E] were purchased from GenScript. Plasmids were
transformed into the lys20D-lys21D strain, and positive transformants were
selected on –ura plates [containing glutamate (1 g/liter) as nitrogen source]
containing nourseothricin (100 mg/liter) and geneticin (200 mg/liter)
(G418).

Nontargeted metabolomic profiling by TOF MS
Deep 96-well cultures of 1.2 ml were inoculated independently for each
deletion strain to an initial density precalculated to achieve an OD595
(optical density at 595 nm) of 1 after strains had grown for a period of time
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By monitoring the changes in concentrations of hundreds of intracellular metabolites in response to genetic perturbations of the yeast kinome,
we probed functionality of kinases and phosphates in modulating metabolic processes. Whereas single kinase or phosphatase deletions often
had no growth phenotypes, we found that metabolite concentrations
were sensitive and informative phenotypic readouts. Nevertheless, even
for the single, tested steady-state condition, about two-thirds of the kinase and phosphate deletion strains exhibited altered metabolic profiles.
Evaluation of data by van Wageningen et al. (9), using statistical criteria
similar to those applied in the current study, revealed that only 26% of kinase or phosphatase deletion strains showed significant transcriptional
changes, suggesting that the metabolic changes we observed in these yeast
deletion strains may primarily reflect the role of phosphorylation in modulating enzyme activity, rather than the indirect consequence of changes in
transcription.
By defining the metabolomic profiles of kinase and phosphatase
deletion strains in yeast and mapping the changes to metabolic pathways, we investigated the role of phosphorylation in metabolic regulation. We predicted specific regulatory roles for six kinases and
phosphatases. Two deletions—rim11D and smk1D—selectively affected
tryptophan metabolism indicated by reduced amounts of kynurenic acid.
The metabolism of kynurenic acid plays an important role in various
pathologies of the central nervous system (50, 51). Yeast SMK1 has
sequence homology to human ERK5 (extracellular signal–regulated kinase
5), a member of the MAP kinase family involved in a variety of biological
processes, including brain development (52, 53), suggesting that the relationship between homologs of SMK1 and kynurenic acid may be relevant
in vertebrates.
Overall, we found that only a few deletion strains had alterations in
metabolites involved in central metabolism. This result was unexpected
given that mutation of individual phosphorylated sites in multiple central
metabolic enzymes affects metabolite concentrations (10). Moreover, posttranscriptional regulation is key in modulating glycolytic flux in yeast
(54). A possible explanation for this discrepancy is the existence of redundant kinases with the same or similar targets that could compensate for
deletion of individual kinases (7, 9). Furthermore, we used a nutritionally
complex medium that favors glycolytic metabolism and exponential
growth, which may not be representative of natural environments where
more kinases and phosphatases may be essential (55). Moreover, phosphorylation of metabolic enzymes may be more crucial in mediating dynamic
transitions between two steady states, but less important for maintaining
steady-state metabolism (56, 57).
An example of the importance of kinases and phosphatases in mediating the transition from one metabolic state to another was found in
ppq1D yeast. Deletion of the gene encoding Ppq1 was the only low-impact
deletion that caused alterations in the concentrations of metabolites within
the TCA cycle, including citrate. Whereas the growth of ppq1D yeast was
indistinguishable from wild-type yeast in most steady-state conditions,
with a minor growth defect on ethanol, we unraveled the intrinsic importance of Ppq1 in transiently rewiring cellular networks during the diauxic
shift from glucose to ethanol, which involves extensive changes in the activity of multiple enzymes involved in the TCA cycle (58). Ppq1 was required for Mn homeostasis, which may have indirect effects on the TCA
cycle through the effect of Mn on the activities of enzymes governing citrate metabolism (32, 59–61), including Aco1 (62, 63). Reduced dephosphorylation of Aco1 in ppq1D yeast could inhibit the conversion of citrate
to isocitrate, leading to the accumulation of citrate (64). Citrate can chelate
divalent metal ions (65) and, thus, may also play a direct role in metal

homeostasis, protecting cells from excess Mn, similar to the role of citrate
in tolerance to excess aluminum (66).
The developed experimental-computational approach enabled us to
assess the role of phosphorylation in regulating metabolic functions on
a proteome-wide scale. Identifying roles of kinases and phosphatases in
metabolism and the relevant phosphorylated sites in metabolic enzymes
has high value in expanding our current knowledge on the mechanisms
by which phosphorylation regulates diverse cellular functions.

RESEARCH RESOURCE
corresponding to at least two wild-type doubling times. Six replicates of
each deletion strain and 12 replicates of the appropriate wild-type reference were grown on the same plate. When the wells reached an OD595 of
1 ± 0.4, the plates were centrifuged for 1 min at 0°C, the supernatant medium was discarded, and 150 ml of 80°C extraction solution [75% (v/v)
ethanol, 10 mM ammonium acetate at pH 7.5] was added to each well.
Metabolites were extracted by incubation at 80°C in a water bath for 5 min.
Metabolites were analyzed by direct flow injection on a platform consisting
of an Agilent Series 1100 LC pump coupled to a GERSTEL MPS2 autosampler and an Agilent 6520 series quadrupole TOF MS scanning a mass/
charge ratio (m/z) range of 50 to 1000 as described (13). Ions were annotated by searching possible matching metabolites in the KEGG database
(http://www.genome.jp/kegg/) or in the genome-wide reconstruction of
yeast metabolism by (14). Neutrally charged metabolites were annotated as described in (13). Full details of the annotation are provided
in table S2.

Targeted quantification of citrate, aconitate, homocitrate, homoaconitate,
and aminoadipate was performed by ion pairing reverse-phase chromatography separation and LC-MS/MS detection (69). Chromatography was
performed on a Waters ACQUITY UPLC using an end-capped reverse
phase coupled to a TSQ Quantum Ultra Triple Quadrupole MS (Thermo
Fisher Scientific). The homocitrate assay is specific for the isomer homocitrate and excludes the isomer methylcitrate. The homoaconitate assay
also measures the isomer methylaconitate. For the aminoadipate assay,
no isomers have been evaluated. Peak areas were integrated as described
(13) and normalized to levels of fully 13C-labeled citrate from the internal
standard.

Comparative differential analysis
Permutation analysis was used to assess significance of the differential
abundance of ions between deletion and the appropriate control strains
(table S3). For each ion (i), we calculated the difference between the mean
intensity within the pool of replicates for each deletion strain (Xij) and the
pool of biological replicates of the respective reference wild type (Xir)
grown in the same 96-well plate. The assigned P value (Pvalij) was based
on 10,000 permutations where the deletion strain and wild-type replicates
were randomly shuffled between the two groups (Xkij and Xkir):
K

k

k

∑ IfjX̃ ij − X̃ ir j≥jXij − Xir jg

PvalXij = k¼1

K
fcij ¼ log2

Xij
Xir

where fcij represented log2 fold change in intensity of ion i between deletion j and reference r, and K was the number of permutations performed.
P values were corrected for multiple tests using a false discovery rate approximation using the MATLAB MaDfr function as described (70). To
determine an appropriate fold change cutoff accounting for the intrinsic
noise in the experimental and measurement protocols, we generated a
background distribution of fold changes across plates by randomly selecting six wild-type replicates and comparing the mean ion intensity to that
of the other six wild-type replicates on each 96-well plate (fig. S5). A log2
fold change cutoff greater than or equal to 0.8 produced a false discovery
rate less than 1%. In addition, combining the 0.8 fold change cutoff with a
corrected P value cutoff of less than or equal to 0.001 resulted in a false
discovery rate of 0.00044%.

The number of ions with significant (fold change ≥0.8 and P ≤ 0.001)
changes in intensity in a yeast deletion strain was used to determine the
metabolic impact (table S4). The four different impact groups (silent, low,
average, and high) were classified using a hypergeometric probability density function (fig. S1B). We considered deletion strains with 24 to 48 affected
metabolites as average impact (deletion strains that showed the expected
number of hits), those with fewer than 24 affected metabolites as low
impact, and those with 48 or more affected metabolites as high impact.
Clustering of metabolomic profiles (table S4) was performed by an affinity propagation algorithm (16). We used the fold change matrix for all
ions as input and Euclidian distance to evaluate similarity between deletion
strains. The damping factor was set to 0.5. We performed an analysis to
determine whether the kinases and phosphatases corresponding to the
deletion strains in each cluster were enriched for interactions (considering all possible types of interactions) annotated in the STRING database (http://string-db.org/). We used a hypergeometric test to calculate the
P value.
Enrichment or depletion of GO terms within genes from a cluster was
evaluated using the tool GOstats 2.26 within R 3.01[45]. P values for all
conditional terms were calculated with a Fisher’s exact test, including corrections for multiple testing (Benjamini-Hochberg). Terms inferred from
electronic annotation (IEA) were included into the analysis. Mapping to GO
slim terms was performed unconditionally with the map2slim package. We
used all genes from all clusters as a background.
To determine whether differentially regulated metabolites in a given
deletion strain were enriched in a metabolic pathway using KEGG
pathway annotations (table S7), we calculated the P value using a permutation analysis. We repetitively (1000 times) randomly shuffled the associations between detected ions and corresponding annotated metabolites.
For each random permutation, we estimated the overrepresentation of metabolites in each KEGG pathway. Pathway enrichments for the experimental metabolite annotations (table S2) were compared to those for the
randomly generated annotations, and pathways with P < 0.05 were
considered enriched.

Locality scoring procedure
A genome-scale network model of yeast metabolism (14) was used to determine the distance between each enzyme-metabolite pair. The resulting
pairwise distance matrix between metabolic enzymes and metabolites was
estimated by means of the minimum number of reactions separating the
two in a nondirectional network. We derived the distance matrix between
metabolites by multiplying the stoichiometric matrix (V) by its transpose,
and then subsequently applying a standard implementation of the Dijkstra
algorithm. All highly connected metabolites were removed before calculation (table S2). For each enzyme with a change in the abundance of a phosphopeptide in at least five different kinase or phosphatase deletion strains
according to (7), we calculated the correlations between the fold change of
abundance of the phosphopeptide and the fold change of the concentrations of each metabolite (log2 fold change ion intensity). This computation
results in a matrix C of correlations between metabolic enzyme phosphorylation changes (rows) and metabolite changes (columns) across all deletion strains. To achieve high coverage of the metabolic network, we used
all ions annotated as neutral losses (table S2). To test the possibility that
changes in the phosphorylation of metabolic enzymes at individual sites
were not sufficient to alter its activity, we used a linear multiple regression
scheme where all possible combinations of up to a maximum of three
phosphopeptides located in the same protein were tested against all annotated metabolite profiles. In these cases, correlation with the best linear fit
was used. Finally, we calculated the locality score (table S10) to assess the
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Targeted metabolomic profiling by LC-MS/MS

Clustering and pathway enrichment
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proximity of coherent phosphorylation and metabolic changes for each
metabolic enzyme using the following weighted scoring function:
M

∑ D−2
i;m ⋅ð1 − PvalCi;m Þ⋅jCi;m j

S(Pi) =

m¼1

M

∑ D−2
i;m ⋅ð1 − PvalCi;m Þ

m¼1

M

∑ ðDkrandi;m Þ−2 ⋅ð1 − C:Pvali;m Þ⋅jCi;m j

k
(pi) =
Srand

m¼1

M

−2

k
∑ ðDrand
Þ ⋅ ð1
i;m

m¼1

p:valueðpi Þ ¼

−

C: Pval i;m Þ

k
∑ðSrand
≥ SÞ
k

K

k = index permutation
K = number of permutations (1000 permutations used in this study)
Skrand(pi) = locality score for phosphopeptide combination pi based
on a randomized distance matrix
Drand = randomly shuffled the distance matrix D.
SUPPLEMENTARY MATERIALS
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Fig. S1. Impact of kinase and phosphatase deletions on the metabolome.
Fig. S2. Number of enriched metabolic pathways per deletion strain.
Fig. S3. Growth profiles of yeast expressing mutant Lys20 or Lys21.
Fig. S4. Calculation of statistical threshold for metabolomic profiles.
Fig. S5. Schematic representation of the experimental setup and analysis workflow.
Table S1. Enzymes regulated by phosphorylation.
Table S2. Details of MS ion annotation.
Table S3. Fold change matrix of metabolite ion intensities.
Table S4. Growth rate, metabolic impact, and metabolic similarity of kinase and phosphatase deletion strains.
Table S5. GO enrichments for impact groups.
Table S6. GO enrichments and STRING interactions for clusters.
Table S7. KEGG pathway enrichment analysis of altered metabolites in kinase and phosphatase deletion strains.
Table S8. Growth rates of ppq1D yeast grown on different carbon sources.
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