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SUMMARY

Cellular homeostasis is regulated by signals through
multiple molecular networks that include protein
phosphorylation and metabolites. However, where
and when the signal flows through a network and reg-
ulates homeostasis has not been explored. We have
developed a reconstruction method for the signal
flow based on time-course phosphoproteome and
metabolome data, using multiple databases, and
have applied it to acute action of insulin, an important
hormone for metabolic homeostasis. An insulin signal
flows through a network, through signaling pathways
that involve 13 protein kinases, 26 phosphorylated
metabolic enzymes, and 35 allosteric effectors, re-
sulting in quantitative changes in 44 metabolites.
Analysis of the network reveals that insulin induces
phosphorylation and activation of liver-type phos-
phofructokinase 1, thereby controlling a key reaction
in glycolysis. We thus provide a versatile method of
reconstruction of signal flow through the network
using phosphoproteome and metabolome data.

INTRODUCTION

Cellular homeostasis is dynamically regulated by signals that are
transmitted in global multiple molecular (“trans-omic”) networks
that include proteins and their phosphorylation, mRNAs, and
metabolites (Brazhnik ef al.. 2002: Busscher ¢
£ sauver, 2011, Gl
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the mechanism of cellular homeostasis, we introduce here the
concept of signal flow. Signal flow consists of static signal flow
and dynamic signal flow. Static signal flow is the route of the
signal in a trans-omic network. Dynamic signal flow is the traffic
of the signal, or the temporal changes in molecular concentra-
tions that are transmitted through the route. Thus, traffic and
routes illustrate when and where signals flow in a network. Traffic
and routes characterize the dynamic nature of the homeostatic
system; however, signal flow has not been identified.

The analysis of signal flow requires simultaneous, global, mul-
tiple “omic” measurements under the same conditions. Quanti-
tative and global measurements in a single omic layer by use of
omic technology are now available (Hertone et al., 2004;
et al, 2000; Fischer and Sausr, 2005, Ghasmmaghami &t &
2003; ishihama et al, 2008, lwasald e g, 20100 Nilsson et
2010; Oisen et al, 2008; Soga et gl, 2002). Measurements in a
single omic layer are often used in the screening of molecules
for specific cellular functions rather than in the identification of
trans-omic networks (Bartks af al, 2040 Lowery et al, 2007
Gonnet 2310). Connecting measurements of different
omic layers under different experimental conditions could allow
for the identification of possible trans-omic networks. However,
because molecular interactions between multiple omic layers
are mutually connected, signals that flow in a trans-omic network
cannot be reconstructed by integrating individual measurements
in single omic layers under different conditions; instead, these
signals should be reconstructed using simultaneous quantitative
measurements across trans-omic layers under the same condi-
tions (Witay. 241 1). Areconstruction method for the signal flow in
a trans-omic network based on simultaneously measured trans-
omic data has not yet been established.

Hormones regulate cellular homeostasis through selective
temporal control of multiple signaling pathways to exert specific
functions. Many hormones show distinct temporal patterns
in vivo (Brabart et g, 1892). For example, blood insulin, which

4 et
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RESULTS

sit

Procedures for Reconstruction

of Signal Flow in a Trans-Omic
Network

We attempted to identify signal flow in a
trans-omic network of acute insulin ac-
tion based on trans-omic data (Figurs 1
Experirmantal Procedures), We measured

is a key hormone for metabolic homeostasis (Whiterman &t al.,
2007, reportedly exhibits several specific temporal patterns,
including additional secretion that is transiently observed in
response to meals and basal secretion that is characterized by
perS|stently low circulating insulin concentrations (LI
! : ky st al, 1888). We have previously shown
that msulm selectwely changes the signal flow through signaling
pathways, depending on the temporal patterns (Kulsoiz af al,
20012 Noguehi et al, 2013). However, signal flow in a limited local
network was analyzed in previous studies (Kubois st al, 2012;

Roguchi et al, 2013), and the static signal flow and dynamic
signal flow of insulin in a whole trans-omic network have yet to
be uncovered.

2 Cell Reports 8, 1-13, August 21, 2014 ©2014 The Authors

time-course data from the metabolome,

phosphoproteome, and transcriptome of
acute insulin action (<60 min) under the same conditions in
FAO cells (Figure 81A), which consisted of 304 metabolites,
7,277 phosphorylated sites on 3,458 proteins, and 19,778 RNA
probes (Table 81; Figure $1B). Messenger RNAs of only two
related metabolic enzymes, including glucose-6-phosphatase
(G6Pase), changed within 60 min. G6Pase is known as a key
enzyme of gluconeogenesis and is rapidly responsive to insulin
(Figurs 52A). However, the abundance of protein in G6Pase
did not vary within 60 min (Figuire $2B). Therefore, we excluded
the contributions of protein and mRNA expression in acute insu-
lin action in this study. We postulated that acute insulin action in
metabolic control is primarily regulated by enzymatic activities
via protein phosphorylation and allosteric regulation rather than
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by gene and protein expression. We analyze chronic insulin ac-
tion (>60 min) involving gene and protein expression in a sepa-
rate study.

We developed a reconstruction method of signal flow in a
trans-omic network of protein phosphorylation and allosteric-
regulation-dependent metabolism by acute insulin action. The
reconstruction method consists of the following seven proce-
dural steps (Figurs 1; Experimental Procedurss): () identification
of quantitatively changed metabolites (outputs of the system); (ii)
identification of “responsible metabolic enzymes” that poten-
tially regulate metabolite levels; (iii) identification of protein phos-
phorylation of responsible metabolic enzymes; (iv) identification
of protein-kinase-dependent insulin signaling; (v) identification
of the allosteric regulation; (vi) reconstruction of static signal
flow in a whole trans-omic network by integrating the results
from steps i through v; and (vii) kinetic modeling of dynamic
signal flow in the glycolytic pathway, which is one of the local
trans-omic networks.

Reconstruction of Static Signal Flow in a
Trans-Omic Network
Step i: Identification of Quaniitatively Changed
Metabolites
We identified quantitatively changed metabolites and their
responsible metabolic enzymes and mapped them to the global
map provided in the Kyoto Encyclopedia of Genes and Genomes
(KEGG) PATHWAY database (Kanehisa et al., 2612), which in-
cludes a comprehensive metabolic pathway topology (Figures
2 and 53; Tabie £1). Hereafter, we refer to this map as the
KEGG global metabolism map. We succeeded in measuring
304 metabolites and observed that 44 metabolites were signifi-
cantly changed (27 increased and 17 decreased) in response
to insulin stimulation (Figuwres 2 and 81B; Table $1). Not all of
the measured metabolites and enzymes are shown in Figure 2A
because the KEGG global metabolism map does not include all
of the known metabolites. Eleven metabolites were mapped on
glycolysis, ten metabolites were mapped on the TCA cycle,
and 81 were mapped on proteogenic amino acid metabolism
(Figrre 2; Tabie 81). In central carbon metabolism, there was a
decrease in the upstream metabolites of glycolysis, including
glucose 6-phosphate (G6P; Figurs ZA, no. 8) and fructose
6-phosphate (F6P; Figrre ZA, no. 6). In contrast, there was an
increase in the downstream metabolites of glycolysis such as
fructose 1,6-bisphosphate (F1,6BP; Figure 2A, no. 14), 3-phos-
pho-D-glycerate (3PG; Figura 2A, no. 12), 2-phospho-D-glycer-
ate (2PG; Figure ZA, no. 16), and phosphoenolpyruvate (PEP;
Figpire ZA, no. 4). In the TCA cycle, five metabolites were
increased including citrate (Figure 2A, no. 11), 2-oxoglutarate
(Figure ZA, no. 2), succinyl-CoA (Figure ZA, no. 7), fumarate (Fig-
, no. 9), and malate (Figura ZA, no. 17). In the glycogen
metabolism pathway, glycogen increased (i 2A, no. 22).
These observations imply that there is an insulin-dependent,
large-scale migration of carbons from glycolysis to the TCA cycle
and glycogenesis in central carbon metabolism.

Several metabolites in adjacent locations in the metabolic
pathways showed positive correlations with each other over

In

“rapid-equilibrium metabolite pool” in which the metabolites

are in rapid equilibrium and exhibit similar time courses (Gama-
cho et al., 2005; Palsson, 2011). We defined a group of metabo-
lite pairs that resided within two enzyme steps from one another
in the metabolic pathway and that had time courses with a cor-
relation of r > 0.8 (r is the Pearson correlation coefficient) and
composed a rapid-equilibrium metabolite pool. If a pair of me-
tabolites two enzyme steps away is connected only via hub me-
tabolites such as ATP, then the pair was excluded from the pool
to filter out trivial metabolite pairs. The hub metabolites were
determined according to previous studies of network topology
(Table 82) (Alves et al, 2002). We found six rapid-equilibrium
metabolite pools: three pools in glycolysis (Figure 2, P1, P2,
and P3); one large pool including the TCA cycle (Figuira 2, P6);
one pool in nucleotide metabolism (Figurs 2, P4); and one pool
involving acetylglucosamine phosphates (Figure 2, P5; Table
52). The two glycolytic pools (P1 and P3) (Bennett et ai, 2008;
Camacho et al, 2008; Palsson, 2011 Withmann et al., 2009)
and part of the pool around the TCA cycle (P6) (Witirnann
ot al., 2005) previously have been reported as rapid-equilibrium
metabolite pools indicating that our analysis successfully identi-
fied the known metabolic changes. The other pools (Figure 2, P2,
P4, and P5; Tabis 52) are novel. The correlation coefficients be-
tween the metabolite pairs in the rapid-equilibrium metabolic
pools were statistically significant (p < 0.001). Most of the metab-
olite pairs not in the rapid-equilibrium metabolic pools did not
exhibit statistical significance (p > 0.1) (Tabie 52).

Step ii: Identification of Responsible Metabolic Enzymes
Changes in the levels of a metabolite are caused by changes in
the reaction rates of the production (influx) or consumption
(efflux) of that metabolite. A reaction rate is determined by the
enzymatic activity, amount of enzyme, amount of substrate,
and product levels. Hereafter, we define the enzymes that
directly produce or consume at least one quantitatively changed
metabolite as “responsible metabolic enzymes.” In other words,
a changed metabolite is a substrate or a product of responsible
metabolic enzymes. We identified 198 responsible metabolic en-
zymes for 44 changed metabolites from the KEGG PATHWAY
database (Figure 2A, black lines; Figure $1B). Only 25 of the
44 changed metabolites and 132 of the 198 responsible meta-
bolic enzymes are exhibited in Figurgs ZA. Hereafter, the number
of enzymes is counted in terms of enzyme commission (EC)
numbers (L3R4, 1888). Changes in the activities of responsible
metabolic enzymes can be regulated by phosphorylation and
allosteric regulation via metabolites.

Step iii: Identification of Protein Phosphoryiation of
Responsible Metabolic Enzymes

We examined protein phosphorylation of responsible metabolic
enzymes, which can potentially change their enzymatic activities
Figurs 3A). From the phosphoproteomic data, 199 phospho-
peptides derived from 49 responsible metabolic enzymes were
identified (Figive: $1B). Among these phosphopeptides of the
responsible metabolic enzymes, we selected quantitatively
changed phosphopeptides. A total of 106 phosphopeptides of
26 responsible metabolic enzymes were selected as the signifi-
cantly phosphorylated phosphopeptides (Figires 3A and 1B;
Table 83). These 26 phosphorylated responsible metabolic en-
zymes corresponded with 19 quantitatively changed metabolites
(Figure 3A). We found that 23 phosphorylated sites of the
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responsible metabolic enzymes had already been registered in
the PhosphoSitePlus (htip/Awwwe.phosphosite.ory) database
(Hombeok et al, 2012) and that 48 phosphorylated sites of the
responsible metabolic enzymes were novel. One phosphoryla-
tion site could be covered by multiple phosphopeptides. Some
responsible metabolic enzymes with insulin-dependent phos-
phorylation, including ATP-citrate lyase (ACLY) at S455 (Esrwick
et &, 2002), carbamoyl-phosphate synthetase 2 (CAD) at S1859
(Hsu et al, 2011), and 6-phosphofructo-2-kinase/fructose 2,6-bi-
sphosphatase (PFKFB3) at S461 (Atswumi et al, 2008) have
already been reported, indicating that our analysis successfully
identified the known protein phosphorylation of the responsible
metabolic enzymes. Given that phosphorylation of responsible
metabolic enzymes is considered to be relayed by the protein
phosphorylation-dependent signaling network of insulin, these
26 phosphorylated responsible metabolic enzymes are potential
primary targets of insulin signal flow in the metabolome layer.
Step iv: identification of Protein-Kinase-Dependent
Insulin Signaling

Next, we attempted to identify the signal flow in the protein-ki-
nase-dependent insulin-signaling network that connects insulin
to the responsible metabolic enzymes. First, we identified poten-
tial upstream protein kinases for the phosphorylated responsible
metabolic enzymes through the amino acid sequences of the
phosphorylated peptides derived from the responsible meta-
bolic enzymes (Tabls $3). Hereafter, we denote these upstream
kinases as “responsible protein kinases” for responsible meta-
bolic enzymes. We selected the most probable kinases pre-
dicted by NetPhorest as the responsible protein kinases (see
Table 33 for distributions of scores [posterior probability] for
each phosphorylation site). NetPhorest is an analytical tool that
predicts responsible protein kinases by probabilistic models us-
ing the amino acid sequence of phosphopeptide (iifier &t al.,
2008). We identified 13 responsible protein kinases of the phos-
phorylated responsible metabolic enzymes as a whole (Figures
4B and &1B; Tahie 53). Hereafter, we counted the numbers of
the responsible protein kinases using the kinase classifiers of
NetPhorest. These 13 responsible protein kinases include AKT,
glycogen synthase kinase-38 (GSK38), and p70 ribosomal pro-
tein S6 kinase (p70S6K), which are key signaling molecules in
the insulin-signaling pathway. With the phosphorylated res-
ponsible metabolic enzymes in step iii, we connected the insu-
lin-signaling pathway map provided by the KEGG PATHWAY
database to the responsible protein kinases (Figurs 3C). Here-
after, we refer to the insulin-signaling pathway map in Figure 3C
as the insulin-signaling pathway. Among the 13 responsible pro-

tein kinases, five kinases (AKT, GSK38, p70S6K, PKA, and PKC;
Figure 3C) were connected to the insulin-signaling pathway and
eight kinases (AKT, CK2, CLK, GSK3, NEK1, PKA, PKC, and
p70S6K; Tabsie 53) were phosphorylated (Figire S1B). There
were 71 phosphorylation sites on the 26 responsible metabolic
enzymes connected to the 13 responsible protein kinases (Tabie
$3; Figure 51B). The resulting insulin-signaling pathway included
the phosphorylation of signaling molecules, such as IRS, Raptor,
TSCH1, and S6 (Cheng &t al., 2010), the responsible protein ki-
nases, such as AKT, GSK3p, p70S6K, and ERK1/2 (Cheng
et al., 2010), and the phosphorylated responsibie metabolic en-
zymes, such as ACLY (Berwick et al., 2002) and liver-type phos-
phofructokinase 1 (PFKL), which catalyze F6P into F1,6BP, akey
enzyme in glycolysis (Figure 4C). This result indicates that our
analysis successfully identified the known protein phosphoryla-
tion of the responsible metabolic enzymes and demonstrates
how insulin transmits its signal to the responsible protein ki-
nases and responsible metabolic enzymes through the signaling
pathways.
Step v: Identification of Allosteric Regulation
In addition to the protein phosphorylation-dependent changes in
the activities of the responsible metabolic enzymes, the activities
of the responsible metabolic enzymes are regulated by allosteric
effectors (activators and inhibitors) that are metabolites (Fig-
ure 4A). We searched the allosteric effectors of all the respon-
sible metabolic enzymes (198 enzymes) from the BRENDA
Sleeww brenda-enzymes.org/) database (see Experimentsl
Frocadures) (Bchomburg et al, 2013), which provides informa-
tion regarding allosteric effectors and their target enzymes
from a comprehensive literature search. We found that 35
quantitatively changed metabolites function as allosteric effec-
tors for the 94 responsible metabolic enzymes via 226 allo-
steric regulation (36 activation, 190 inhibition) (Figure 4B;
Figurs 81B; Table 24). A metabolite can operate as an activator
for some enzymes and as an inhibitor for others. We also found
quantitative changes in 24 substrates for 74 responsible meta-
bolic enzymes and 25 products for 122 responsible metabolic
enzymes from the KEGG PATHWAY database (Figuras 4C and
4D; Table 54).
Step vi: Reconstruction of the Static Signal Flow of Acute
Insulin Action in a Trans-Omic Network
We integrated the results of steps i through v and reconstructed
the static signal flow of acute insulin action in a trans-omic
network (Figure §; Movie 81). An insulin signal was first trans-
mitted through insulin receptors (IRs) to signaling pathways
including the 13 responsible protein kinases, such as AKT and

Figure 2. ldentification of Quantitatively Changed Metabolites and Responsible Metabolic Enzymes Corresponding to Steps i and ii

(A) Quantitatively changed metabolites and responsible metabolic enzymes projected on the KEGG global metabolism map. Dots represent metabolites and
black lines represent responsible metabolic enzymes. For the metabolites, the dots with red, blue, and green backgrounds represent an increase, decrease, and
no changes in response to insulin, respectively. Numbers adjacent to the dots are unique identifiers of quantitatively changed metabolite, which are presented

together with corresponding metabolite names in 74
respectivel
e ).
(B) The time courses of metabolites

1. The numbers surrounded by red and blue indicate the metabolite was increased or decreased,
in response to insulin stimuli. P1 through P6 indicate the locations of six rapid-equilibrium metabolite pools (surrounded by dashed lines)

in rapid-equilibrium metabolic pools (P1-P6). The means and SDs of three independent points are shown. The unit for the

metabolite concentration is 1 nmol/1.7 x 107 cell. Insulin concentrations are as follows: 0.01 nM (blue); 1 nM (green); and 100 nM (red). The bold and dashed lines
between the metabolites represent that the metabolites are one enzyme step away and two enzyme steps away, respectively. The colors of the lines between the
metabolites correspond to Pearson correlation coefficients (red: r > 0.9; black: 0.8 < r < 0.9).
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p70S6K (Figure 5, top layer; Figure $1B). The responsible protein
kinases potentially transmit a signal to the 26 phosphorylated
responsible metabolic enzymes through 71 phosphorylation
sites (Figure 8, orange arrows from the top to the middle layer;
Figure $1B). A protein kinase can phosphorylate multiple meta-
bolic enzymes, and a metabolic enzyme can be phosphorylated
by multiple kinases. The 35 changed metabolites serve as allo-
steric effectors and feedback signals to the 94 responsible meta-
bolic enzymes through 36 activation and 190 inhibition (Figuss 5,

red and blue arrows from the bottom to the middle layer; Fig-

urg $1B). The 198 responsible metabolic enzymes, including
26 phosphorylated and 94 allosterically regulated enzymes, led
to changes in the 44 metabolites (Figure 5, white arrows from
the middle to the bottom layer; Figawa S1B). The integration of
steps i through v revealed the global landscape of the signal
flow of acute insulin action in a trans-omic network (Figure 5).

Reconstruction of Dynamic Signal Flow in a Trans-Omic
Network of Glycolytic Pathway

Step vii: Reconstruction of Dynamic Signal Flow in a
Glycolytic Pathway of a Local Trans-Omic Network

We next examined the dynamic signal flow of insulin and attemp-
ted to construct a kinetic model of the trans-omic networks
based on the time-course omic data. However, because there
were many unmeasured metabolites, we could not develop the
kinetic model of the whole trans-omic network. Instead, we
focused on a local trans-omic network of the glycolytic pathway
between F6P and F1,6BP because of three reasons: insulin
induced phosphorylation of PFKL, a key enzyme in glycolysis;
F6P together with upstream molecules decreased (Figure 2B,
P1), whereas F1,6BP together with downstream molecules
increased (Figure 2B, P2 and P3), and F6P and F1,6BP exhibited
a strong negative correlation (r = —0.552), indicating that insulin
facilitates conversion of F6P into F1,6BP, and all metabolites
surrounding F6P and F1,6BP were measured (Figura $A), which
is necessary for development of a kinetic model. Because the
functional role of phosphorylation at S775 of PFKL remains un-
known, we first examined the effect of phosphorylation at S775
of PFKL on its kinase activity by making phospho-mimetic
(8775D or S775E) and nonphospho-mimetic (S775A) mutants
(Figure £B). Both phospho-mimetic PFKL mutants (S775D or

S775E) exhibited increased kinase activity compared with the
wild-type PFKL, whereas the nonphospho-mimetic mutant
(8775A) did not (Figurs 6B), indicating that insulin phosphory-
lates and activates PFKL. PFKL activity is regulated positively
by fructose-2,6-bisphosphate (F2,6BP); it is regulated negatively
by citrate, PEP, isocitrate, 2-oxolgutarate and malate (Fzszon-
neau and Lowry, 1963) (Figure 8A). PFKL activity also has been
shown to be regulated by ATP, ADP AMP and other metabolites
(Mor et al, 2011 Sohdneberg et al, 2013); however, because
these metabolites were unchanged in response to insulin (Tabis
$1), they were not considered in this study. The reverse reaction,
conversion of F1,6BP to F6P, is catalyzed by a different enzyme,
fructose-1,6-bisphosphatase (FBPase), whose activity is regu-
lated negatively by F2,6BP (Hzkus ef al., 2000) and positively
by citrate (Nimme and Tipton, 1975) Figure BA).

We examined which phosphorylation and allosteric regulation
selectively contributed to conversion between F6P and F1,6BP
using a kinetic model of dynamic signal flow of insulin in the
glycolytic pathway (Figire 8C; Supplemental Experimental Pro-
cecures). In our experiments, there was a transient and sustained
increase of F1,6BP (Figurs 6C, dots); however, in our simulations,
only sustained increase of F1,6BP was reproduced (Figuire £C,
lines). This suggests the existence of the unknown signal flow
responsible for the transient increase of F1,6BP. We examined
which phosphorylation and allosteric regulation selectively
contributed to sustained increase of F1,6BP by variable selection
in the kinetic model (Figure 8D; Supplemental Experdmental
Procedures). We selected five variables as the minimum set gov-
erning the dynamic signal flow (Figiwes 8D and S4A). The five var-
iables included phosphorylation of PFKL at S775 and allosteric
regulation by F2,6BP, PEP, citrate, and malate (Figuraes 8D and
6E). We made a kinetic model with five variables. This model ap-
peared to be comparable with the original full model using eight
variables (Figures 8E and 54B), confirming that the five variables
we used are the dominant factors for dynamic signal flow be-
tween F6P and F1,6BP (Figuve 8E). Given that PEP, citrate, and
malate are downstream of F1,6BP, these metabolites serves as
negative-feedback regulators for F1,6BP production (Figuras
&E, dashed line; Figuras 54C-S4E), consistent with previous ob-
servations (Mirmmio and Tipiorn, Fassonnesy angd Lowry,
1963, Hakus et al, ZVLQ). Insulin positively regulates F1,6BP

1875,

Figure 3. Identification of Protein-Kinase-Dependent Insulin Signaling to Responsible Metabolic Enzymes Corresponding to Steps iii and iv
(A) Identification of protein phosphorylation of responsible metabolic enzymes (step iii). Colored lines are phosphorylated responsible metabolic enzymes. Red
indicates all of the significantly changed phosphorylation sites of the enzyme exhibited an increase (>1.5-fold) in response to the insulin stimulus. Blue indicates all
of the significantly changed phosphorylation sites of the enzyme exhibited a decrease (<0.67-fold) in response to the insulin stimulus. Green indicates all the
significantly changed phosphorylation sites of the enzyme exhibited either an increase or a decrease in response to the insulin stimulus. Numbers next to the
colored lines (e.g., E3) are unique identifiers for 26 phosphorylated responsible metabolic enzymes, which are presented in T4t 3.
(B) The 13 |dentmed respons:ble protein kinases of phosphorylated metabolic enzymes. Boxes represent superfamilies of each protein kinase based on the
kmase tree i, 2(:08). The detailed relationship between the responsible protein kinases and phosphorylated metabolic enzymes can be found in Tabis
3. The colors md]cate the phosphorylated protein kinases; red and green indicate the same information as described in (A). Black indicates the phosphorylation
was not changed by insulin. Gray indicates not phosphorylated. *The kinases were included in the insulin-signaling pathway. A dashed box labeled CMGC
indicates that CDK and MAPK families belong to the CMGC superfamily.
(C) Identification of protein-kinase-dependent insulin signaling to responsible metabolic enzymes (step iv). An oval corresponds to a protein. The colors of the
ovals represent the following phosphorylation states: red and green indicate the same information described in (A) and (B); gray indicates phosphorylation was
unchanged by the insulin; and white indicates no phosphorylation. Five kinases out of the 13 responsible kinases were connected to the insulin-signaling pathway
(AKT, GSK3B, p70S6K, PKA, and PKC). The names in the boxes are phosphorylated metabolic enzymes. An arrow and a bar-headed arrow indicate activation
and inhibition, respectively. Orange denotes phosphorylation and black denotes other molecular interactions.
3% for the abbreviations of the phosphorylated metabolic enzymes.
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Figure 4. ldentification of Allosteric Regulation of Responsible
Metabolic Enzymes by Metabolites Corresponding to Step v

(A) The level of a metabolite (X) is determined by the balance between the
influxes and effluxes, i.e., the reaction rates of enzymes E; and E,, respec-
tively. S denotes the substrate of E4, and P is the product of E,. Here, allosteric
regulation includes the regulation of influxes and effluxes by the binding of
metabolites acting as allosteric effectors (activators and inhibitors) to the en-
zymes and by the levels of the substrates and products.

(B) The allosteric regulation of the responsible metabolic enzymes (E) by the
allosteric effectors. The row labels are the responsible metabolic enzymes (E),
and the column labels are the activators and inhibitors of the influxes and ef-
fluxes (Tabis &

%4). A black dot is provided at row i column j if a responsible
metabolic enzyme of row i is regulated by an allosteric effector of column j.
Such information for allosteric regulation was obtained using the BRENDA
database (& e ).

(Cand D) The substra’(es (S) and the products (P) of the responsible metabolic
enzymes (E), respectively. A black dot is provided at row i column j if a
metabolite of column j is a substrate or a product of a responsible metabolic
enzyme of row i.

See Tabis 54 for complete information for (B)—(D).
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production by phosphorylation of PFKL at S775 and by
increasing F2,6BP (Figures S4F and S4G); the latter is a well-
known and conserved mechanism throughout eukaryotes
(Rider et al.. 2004). Our data indicate an additional role for insulin:
phosphorylation-dependent regulation of glycolytic enzymes
including PFKL. Thus, these results demonstrate that insulin co-
ordinately regulates the dynamic flow in the glycolytic pathway
by insulin-dependent activation of PFKL via phosphorylation
and increase of F2,6BP and by the negative-feedback loop via
downstream allosteric regulators.

DISCUSSION

In this study, we reconstructed static signal flow of acute insulin
action in a whole trans-omic network using time-course trans-
omic data combined with multiple databases and analyzed the
dynamic signal flow of a local network of the glycolytic pathway
using kinetic modeling. We first identified the quantitatively
changed metabolites, which are the outputs of the system
(step i; Figure 2). We connected the quantitatively changed metab-
olites and potential responsible metabolic enzymes by using the
KEGG global metabolism map (step ii; Figure £). Among the poten-
tial responsible metabolic enzymes, we identified the phosphory-
lated responsible metabolic enzymes with phosphoproteomic
data (step iii; Figure 3A). We connected the phosphorylated
responsible metabolic enzymes and the responsible protein ki-
nases with the amino acid sequences of phosphopeptides using
the NetPhorest and further connected the responsible protein ki-
nases and insulin-signaling pathway (step iv; Figiures 3B and 3C;
Table $3). Finally, we connected the allosteric regulation of metab-
olites to the responsible metabolic enzymes using the BRENDA
database (step v; Figures 4A and 4B). Thus, we reconstructed
the static signal flow of acute insulin action by retracing the signal
flow from the outputs of the system (metabolites) to the input (in-
sulin) (step vi; Figure 5). Moreover, we reconstructed the dynamic
signal flow in a local network of the glycolytic pathway using the
kinetic modeling with variable selection (step vii; Figuys £).

The reconstruction of dynamic signal flow allowed us to iden-
tify a regulation of insulin-dependent glycolysis. We experimen-
tally found that insulin increases phosphorylation at S775 of
PFKL, leading to an increase in its kinase activity. With the vari-
able selection of the kinetic model, we demonstrated that insulin
can coordinately regulate the dynamic flow between F6P and
F1,6BP by insulin-dependent activation of PFKL via phosphory-
lation and increase of F2,6BP, and by the negative-feedback
loop via downstream allosteric regulators. The regulation of
the glycolytic pathway by F2,6BP and regulation by the nega-
tive-feedback loop via downstream metabolites are well-known
and conserved mechanisms throughout eukaryotes (Eioxham
and Lardy, 1978 Rider et 4l., 2004). Moreover, the phosphoryla-
tion site of S775 is specific to PFKL (liver-type PFK), but not to
other isoforms of PFKs, such as PFKM (muscle—type PFK) or
PFKP (platelet-type PFK) (Simpson and Folher Himore,
1691). Given that the liver is the main target organ of insulin
and that it is specialized for controlling systemic glucose homeo-
stasis, and given the ubiquitous controlling mechanisms by
F2,6BP and downstream metabolites, special regulation of
glycolysis by insulin may be needed for tight control of glucose
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metabolism in the liver. Our result suggests that insulin-de-
pendent phosphorylation of PFKL at S775 is one such special
mechanism of glucose metabolism in the liver. Further study is
necessary to address the role of phosphorylation of PFKL at
S775 in glucose metabolism in the liver.

The reliability of the signal flow analysis depends on the quality
and quantity of the trans-omic data, the criteria for the selection
of the data, and the comprehensiveness and reliability of the in-
formation available in the databases. With respect to the quality
of the trans-omic data, the current metabolome and phospho-
proteome data did not fully encompass all of the metabolites
and phosphopeptides, mostly because of technical reasons,
such as the lack of standard samples for some metabolites
and the low sensitivity of detection of the phosphopeptides.
Regarding the quantity of the trans-omic data, the sample
numbers of the trans-omic data, especially phosphoproteomic
data, were limited because of the slow throughput speed.

This method relies on several selection criteria such as the fold
change for selecting the changed metabolites and phosphopep-
tides and a residual sum of squares for selecting essential vari-
ables by variable selection. Because other criteria might improve
the reliability of our analysis, other criteria should be tested in the
future. For comprehensiveness and reliability of the information
available in the databases, we used the KEGG PATHWAY data-
base for a global metabolic map and the insulin-signaling
pathway, the latter of which does not encompass all of the
signaling molecules. We used the NetPhorest to connect the
phosphorylated metabolic enzymes to protein kinases. Because
many protein kinases recognize a similar consensus motif of
amino acid sequences of substrates, some of the relationships
between the metabolic enzymes and protein kinases might not
be accurately predicted and should be experimentally tested
further. Additionally, information regarding biological and cellular
contexts such as colocalization and network could be used for
predicting in vivo kinase-substrates relationships (Joughin
atal, 2012 Linding st a1, 2007). We used the BRENDA database
for identifying allosteric regulation. In general, the allosteric regu-
lation has been examined in vitro, and it is difficult to validate the

71 phosphorylation

Figure 5. A Global Landscape of the Static
Signal Flow of Acute Insulin Action in a
Trans-Omic Network by Integrating the Re-
sults from Steps i through v Corresponding
to Step vi

The insulin signal flows across three layers:
the insulin-signaling pathway (the top layer); the
metabolic enzymes (the middle layer); and the
metabolites (the bottom layer). Orange arrows
(from the top to the middle layer) indicate the
signal flow from the responsible protein kinases to
the responsible metabolic enzymes, white arrows
(from the middle to the bottom layer) indicate the
signal flow from the responsible metabolic en-
zymes to the metabolites, and the red and blue
arrows (from the bottom to the middle layer) indi-
cate the signal flow of the allosteric regulation (red,
activator; blue, inhibitor). A 3D video file and a
network structure file of the static signal flow are
provided. The 3D video of the static signal flow can
be seen in dovis 81,
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allosteric regulation at the cellular level. Here, we propose kinetic
modeling with the variable selection method to eliminate the
nonessential variables and to identify the essential variables for
dynamic signal flow. In addition, because the numbers and qual-
ity of the trans-omic data in this study might not be sufficient, the
parameters in the kinetic model might not be reliable. In the
future, when more quantitative high-throughput omic technology
becomes available, this problem will be solved and our method
will become more valid and useful.

Trans-omic analyses of global networks of metabolic controlin
Escherichia coli (ishii &1 &b, 2007), Bacillus subtilis (Busscher
et al, 2012), and Saccharomyces cerevisiae (Divaira o al,
2(12) have been reported. Ishii et al. measured transcripts, pro-
tein abundance, metabolites, and metabolic fluxes of E. coli
under four growth conditions and 24 disruptants; they found
that the metabolite levels remained stable against environmental
perturbations by enzyme-level regulation and against genetic
perturbation by flux rerouting (ishii et al., 2007). Buescher et al.
measured time courses of transcripts, protein abundance, me-
tabolites, and metabolic fluxes of B. subtilis using two nutrient-
shift experiments and also identified transcriptional regulatory
networks based on chromatin immunoprecipitation (ChiP)-on-
chip (Buescher et al, 2012). They analyzed the mechanism of
adaptation to malate and glucose across the transcriptome layer
and the metabolome/fluxome layer and showed that the meta-
bolic fluxes of B. subtilis are primarily changed by transcriptional
regulation when the nutrient source is shifted from malate to
glucose, but that posttranscriptional modulation is utilized
when the nutrient shift is from glucose to malate. Oliveira et al.
measured protein phosphorylation and metabolites of S. cerevi-
siae and combmed them with protein abundance and flux data

i al, 2012). These authors concluded whether the
phosphorylatlon of metabolic enzymes work positively or nega-
tively regarding reaction rates of the enzymes based on the cor-
relations of phosphorylation and flux; this has been further
confirmed by measuring the concentration of substrates and
products of the enzymes. Furthermore, recent advances
allow systematic identification of allosteric protein-metabolite
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Figure 6. Analysis of the Dynamic Signal Flow in a Local Trans-Omic Network of Conversion of F6P to F1,6BP Corresponding to Step vii

(A) The local trans-omic network of F1,6BP regulation. White boxes and green boxes indicate metabolites and metabolic enzymes, respectively. Solid arrows
indicate enzymatic reactions. Dashed lines with arrow heads and with flat heads indicate the allosteric regulation of activators and inhibitors, respectively. Black
and gray metabolites are essential and nonessential variables, respectively (see D). The location of the network in central carbon metabolism is indicated by red
(inset). ALDO, aldolase. The other abbreviations for the molecules are shown in Tat

(legend continued on next page)
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interactions that control enzyme activity in vivo (Link &t &b, 2013).
In addition to these trans-omics studies, phosphoproteomic
analysis is extensively used to estimate interaction networks in
insulin signaling (Friedman et al, 2011 Humplwey et gl, 2013;
Maonetii gt gl 2011) and other signaling networks (wéz’w&“ a1
s, 2008, Olsen et al, 2008). We measured time-course
data for protein phosphorylation and metabolites in mammalian
cells in response to insulin and reconstructed static signal flow
from insulin to metabolites through phosphorylation and allo-
steric regulation. We analyzed the dynamic signal flow by kinetic
modeling with variable selection and found that insulin coordi-
nately regulates the dynamic flow in the glycolytic pathway by
insulin-dependent activation of PFKL via phosphorylation and
an increase in F2,6BP, and by the negative-feedback loop via
downstream allosteric regulators.

Insulin reportedly exhibits several temporal patterns, including
additional secretion (observed in response to meals) and basal
secretion (characterized by persnstently low circulating insulin
concentrations) (Lindsay et 2003; Polonsky et al, 1988).
We have previously shown that insulin selectively changes the
signal flow through signaling pathways depending on the tem-
poral patterns (Kuzoia et al., 2012). Rapid pulse stimulation of in-
sulin, which resembles additional secretion of insulin in vivo,
selectively regulates GSK3p and p70S6K, whereas slow ramp
stimulation of insulin, which resembles basal secretion of insulin
in vivo, selectively regulates GSK3B and G6Pase. In another
study, we will apply this method using the trans-omic data in
response to pulse and ramp stimulations of insulin and will
examine the selective signal flow by the specific temporal pat-
terns of insulin in a trans-omic network. We will also expand
our analysis of chronic insulin action by measuring the transcrip-
tome, proteome, lipidome, and epigenome, which would reveal
the vital nature of cellular homeostasis.

Because acute cellular functions primarily use protein phos-
phorylation signaling pathways and secondarily use allosteric
regulation to adapt to extracellular stimuli, our method can visu-
alize signal flow from extracellular stimuli through protein phos-
phorylation pathways and an allosteric regulation network. Our
method can be widely applied to identify the signal flow of any
growth factors and the signaling network at the cellular and in vivo
levels. It would be interesting to apply this method to other
growth factors, such as epidermal growth factor and fibroblast
growth factors, and to compare signal flow between different
types of growth factors and receptors. This type of study would
reveal growth factor-specific or receptor type-specific regulation

from the viewpoint of signal flow in a trans-omic network, which is
characterized by different modes of action at the systems level.

EXPERIMENTAL PROCEDURES

The detailed expenmental procedures can be found in Supplemen

Cell Treatments and Comprehensive Measurements
Rat hepatoma FAO cells were stimulated by the indicated doses of insulin and
were used for phosphoproteome and metabolome measurements. The phos-
phoproteome data and metabolome data were processed to reconstruct the
static and dynamic signal flows of insulin by using the following seven steps.
Reconstruction of Static and Dynamic Signal Flow in a Trans-Omic
Network
Step i1 Sy / S values (see Figure 53 and Supplementsl Experinentsd
Procedurss for definition) of each metabollte were calculated to identify
quantitatively changed metabolites that are equivalent to the metabolites
satisfying | S1/Sp | > 1.
Step ii: responsible metabolic enzymes that produce or consume at least
one quantitatively changed metabolite are identified using the KEGG data-
base in combination with the calculated Sy / Sq values.
Step iii: significantly phosphorylated responsible metabolic enzymes were
identified using the phosphoproteomic data. A phosphopeptide whose
phosphorylation intensity was greater than a 1.5-fold increase or less
than 0.67-fold decrease at more than one time point was determined as
a quantitatively changed phosphorylation.
Step iv: responsible protein kinases of the significantly phosphorylated
responsible metabolic enzymes were estimated using NetPhorest. The
responsible protein kinase was connected to the insulin-signaling pathway
if it was included in this pathway map.
Step v: the information regarding allosteric effectors acting on the respon-
sible metabolic enzymes was extracted from the BRENDA database.
Step vi: the static signal flow of acute insulin action in a trans-omic network
was reconstructed by integrating the results of steps i through v.
Step vii: dynamic signal flow around PFKL was identified using a kinetic
model.

PFKL Assay

HEK293 cells transfected with the indicated plasmids harboring cDNA of wild-
type and mutants of mouse PFKL were used for PFKL assay to determine the
function of phosphorylation of PFKL at S775. We performed a variable selec-
tion based on the residual sum of squares between the original full model and
reduced models.

ACCESSION NUMBERS

The Gene Expression Omnibus accession number for the microarray data in
this article is GSE58302. The mathematical models have been deposited
in BioModels Database (; 20310) and assigned the identifiers
MODEL1406130000 and MODEL1406130001.

(B) Enzymatic activities of PFKL. WT, wild-type PFKL. A, D, and E indicate the mutants whose Ser 775 residues were substituted by alanine, aspartate, and
glutamate, respectively. The means and SDs of three independent points are shown. *Statistically significant changes between groups determined by a Tukey-

Kramer test. ***p < 0.0001; **0.0001 < p < 0.001; n.s., not significant (p > 0.1).

(C) Time course of F1,6BP in the kinetic model. Solid lines indicate the time course of F1,6BP based on the experimental time-course data of phosphorylation of

PFKL at S775 with 1 nM insulin (see 5t

for details). Dashed lines indicate the time course of F1,6BP based on the simulated

time course of phosphorylation of PFKL at S775 with 0.01, 1, and 100 nM insulin. The dots indicate experimental data of F1,6BP. Red, green, and blue represent

the responses to 100, 1, and 0.01 nM insulin, respectively.

(D) The variable selection with 1 nM insulin stimulation. Residual sum of squares (RSS) of the consecutive variable selections are shown (see
i =5 for details). Red indicates the threshold for the variable selection (RSS = 0.001). The five variables above the threshold are essentlal
variables. The variable selection with 100 nM insulin stimulation also provides the same five variables

A,

(E) The dynamic signal flow in the kinetic model WIth the five variables. The time course of F1,6BP is an integration of d[F1,6BP}]/ dt, which is primarily given by the
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Fbw7 Targets GATA3 through Cyclin-Dependent Kinase 2-Dependent
Proteolysis and Contributes to Regulation of T-Cell Development
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Proper development of T cells depends on lineage-specific regulators controlled transcriptionally and posttranslationally to en-
sure precise levels at appropriate times. Conditional inactivation of F-box protein Fbw7 in mouse T-cell development resulted in
reduced thymic CD4 single-positive (SP) and splenic CD4™ and CD8™ cell proportions. Fbw7 deficiency skewed CD8 SP lineage
differentiation, which exhibited a higher incidence of apoptosis. Similar perturbations during development of CD8-positive cells
were reported with transgenic mice, which enforced GATA3 (T-cell differentiation regulator) expression throughout T-cell de-
velopment. We observed augmented GATA3 in CD4/CD8 double negative (DN) stage 4, CD4 SP, and CD8 SP lineages in Fbw7-
deficient thymocytes. Using overexpressed proteins in cultured cells, we demonstrated that Fbw7 bound to, ubiquitylated, and
destabilized GATA3. Two Cdc4 phosphodegron (CPD) candidate sequences, consensus Fbw7 recognition domains, were identi-
fied in GATA3, and phosphorylation of Thr-156 in CPD was required for Fbw7-mediated ubiquitylation and degradation. Phos-

phorylation of GATA3 Thr-156 was detected in mouse thymocytes, and cyclin-dependent kinase 2 (CDK2) was identified as a
respondent for phosphorylation at Thr-156. These observations suggest that Fbw7-mediated GATA3 regulation with CDK2-
mediated phosphorylation of CPD contributes to the precise differentiation of T-cell lineages.

"he F-box protein Fbw7 (also known as Fbxw?7, Sel-10, or Cdc4)
+ forms an Skp1-cullinl-F box protein (SCF) complex that me-
diates the ubiquitylation of substrates. Fbw7 binds to a high-affin-
ity recognition motif termed the Cdc4 phosphodegron (CPD),
with a consensus sequence of T/S(PO,)-P-X-X-S/T/D/E (where X
indicates an arbitrary residue) (1). Fbw7 often promotes the turn-
over of substrates via phosphorylation of the CPD. Interestingly,
many Fbw7 substrates synergize and/or function to promote spe-
cific cell differentiation. Notch1, c-Myc, and mTOR regulate qui-
escence and storage of hematopoietic stem cells, and Notchl, c-
Myc, ¢-Myb, and MCL1 contribute to the development of the
common lymphoid progenitor lineages (2). To investigate the role
of Fbw7-mediated ubiquitylation of substrates, Fbw7 conditional
knockouts were constructed with tissue-specific expression of Cre
recombinase. Using gene targeting mice, some studies have re-
ported that ablation of Fbw7 in T cells resulted in the predisposi-
tion to thymic enlargement and thymic lymphoma, which ex-
pressed both CD4 and CD8, suggesting their derivation from
immature T cells, and the accumulation of c-Myc, Notch1, MCL1,
and NF-«kB2 (3-3). In this paper, we focused on the reduced thy-
mic CD4 single-positive (SP) and CD8 SP and splenic CD4™ and
CD8™ cell proportions in mice, which were conditionally depleted
of Fbw7. From further detailed analysis, we found that Fbw7 de-
ficiency also skewed the differentiation of the CD8 SP lineage,
which exhibited a higher incidence of apoptosis. Interestingly,
similar perturbations during development of CD8-positive cells
have been reported with transgenic (Tg) mice in which expression
of GATAS3 was enforced throughout T-cell development (¢).
T-cell progenitors undergo maturation in the thymus and sub-
sequently migrate to the peripheral lymphoid organs. T-cell lin-
eages of thymocytes are classified by the expression pattern of two
surface antigens, CD4 and CD8. Most immature T cells do not
express CD4 or CD8 and are referred to as double-negative (DN)
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cells. Maturation of DN cells into double-positive (DP) cells re-
quires expression of both antigens, and further progression leads
to the retained expression of CD4 or CD8 in the single-positive
(SP) cells (7).

Proper development of T cells depends on lineage-specific reg-
ulators, including GATA3, which is one of the factors involved in
T-cell specification and commitment. The mammalian GATA
family of transcription factors comprises six types, GATA binding
protein 1 (GATA1) to GATA6. While each GATA protein has a
distinct and restricted tissue expression pattern, GATA1 to GATA3
are classified as the hematopoietic factors. GATA3 is expressed by
immune cells. GATA3 is an important regulator of T-cell differ-
entiation and involved in B-selection and CD4 SP T-cell develop-
ment in the early stage of commitment and T helper 2 (Th2) cell
maturation (8-14). GATA3 is upregulated during the develop-
ment of CD4 but not CD8 SP thymocytes (13, 16). These distinc-
tions act as one of the mediators of the CD4/CD8 lineage decision
of thymocytes as overexpression of GATA3 during positive selec-
tion inhibited CD8 SP cell development (6). In addition, the in-
creased abundance of GATA3 during the late DN stage disturbs
accurate progression from DN to DP and may result in trans-
formed cells, which are characterized as CD4" CD8™ (6). GATA3
expression is regulated by Notch and NF-«kB2 during Th2 differ-
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system might play a critical role in the quantitative regulation of
GATAS3, similar to a transcriptional regulator. Yamashita et al.
reported that extracellular signal-regulated kinase (ERK)-mito-
gen-activated protein kinase (MAPK) activation stabilized
GATA3 through inhibition of the ubiquitin (Ub)-proteasome sig-
naling and that Mdm2 was involved in the ubiquitylation of
GATA3 in T cells although the involvement for phosphorylation
in regulation by Mdm?2 has not been elucidated (20).

We found that GATA3 protein accumulated in T-cell lineages
of Fbw7-deficient thymocytes. With the identification of two can-
didate CPD sequences in GATA3 and given that Fbw7 plays cru-
cial roles in the development of T-cell lineages through the regu-
lation of transcription factors, we hypothesized that Fbw7 targets
GATA3 and that its interaction, which is regulated by cyclin-de-
pendent kinase 2 (CDK2)-mediated phosphorylation of CPD,
modulates the development of T-cell lineages.

MATERIALS AND METHODS

Conditional knockout mice. The generation and genotyping of condi-
tional knockout Lek-Cre/Fbw77°19% mice were described previously (3).
Mice 6 to 10 weeks of age were used for analysis. All mice were treated
according to the protocols approved by the Hamamatsu University
School of Medicine Animal Care Committees at the Center Animal Care
facility.

Cell culture. Whole thymocytes obtained from Fhw71°¥/0% or Lck-
Cre/Fbw71°/f°% mice and HUT78 cells (Riken) were cultured in RPMI
1640 medium supplemented with 10% fetal bovine serum, penicillin (100
U/ml), and streptomycin (100 pg/ml). HEK293 and Hela cells were
maintained in Dulbecco’s modified Eagle’s medium (DMEM) supple-
mented with 10% fetal bovine serum, penicillin (100 U/ml), and strepto-
mycin (100 pg/ml).

Generation of P-T156-GATA3 antibody. Polyclonal antibodies
against phosphorylated Thr-156 of GATA3 (P-T156-GATA3) were raised
against a keyhole limpet hemocyanin (KLH)-conjugated chemically syn-
thesized phosphorylated Thr-156 peptide (P-T156 peptide), correspond-
ing to the CPD region of GATA3 (residues 150 to 161) (MBL). Antiserum
obtained from an immunized guinea pig was purified using column chro-
matography conjugated with the P-T156 peptide and then passed through
a column conjugated with nonphosphorylated Thr-156 peptide (Peptide
Institute) to eliminate antibodies against nonphosphorylated Thr-156
peptide. The antibody specificity was confirmed by enzyme-linked immu-
nosorbent assay and immunoblotting.

Antibodies and fluorescence-activated cell sorting (FACS) analysis.
Phycoerythrin (PE)-Cy5-conjugated anti-CD4 (RM4-5), fluorescein iso-
thiocyanate (FITC)-conjugated anti-CD8a (53-6.7), and PE-labeled an-
nexin V were purchased from BD Pharmingen. PE-Cy7-conjugated anti-
CD44 (IM7) and Alexa Fluor 700-conjugated anti-CD25 (PC61) were also
purchased from Biolegend. After cell surface labeling, thymic T cells and
splenic T cells of mice were scored and sorted by FACS Aria instruments
(BD). In addition, anti-Myc 9B11 (Cell Signaling), anti-Myc 9E10
(Roche), anti-FLAG M2 (Sigma), antihemagglutinin (anti-HA) 3F10
(MBL), anti-GATA3 HG3-31 (Santa Cruz), anti-Fbw7 (catalog number
A301-720A; Bethyl), anti-CDK2 (TDL), antiphosphothreonine (catalog
number 71-8200; Invitrogen), anti-glutathione S-transferase (anti-GST)
(B-14; Santa Cruz), anti-HSP90 (catalog number 610419; BD), anti-a-
tubulin (clone DM1A; Sigma), anti-B-actin (clone ACI15; Sigma), and
anti-NF-«kB2 (catalog number A301-822A; Bethyl) were also purchased
for immunoblot analysis. Alexa Fluor 546-conjugated anti-GATA3 was
prepared by an Alexa Fluor 546 monoclonal antibody labeling kit (Ze-
non).

ICC analysis. Immunocytochemistry (ICC) was performed on cytos-
pin preparations of the sorted cell subpopulations. Cells were incubated
overnight with Alexa Fluor 546-conjugated anti-GATA3 antibody at 4°C,
followed by 4',6’-diamidino-2-phenylindole (DAPI) staining. The rela-
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tive protein levels were calculated as the means = standard deviations
(SD) from 10 random areas.

Plasmids, recombinant proteins, and protein kinases. Complemen-
tary DNAs encoding wild-type (WT) and mutant GATA3 were cloned
into pcDNA3.1/Myc-His (Invitrogen). FLAG-tagged Fbw7 was cloned
into pcDNA3.1 (Invitrogen). The expression plasmid for ubiquitin
(pCGN-HA-Ub) was previously described (21). All point mutants of
GATA3 were constructed using standard recombinant DNA techniques.
Glutathione S-transferase (GST) and GST-fused GATA3 proteins were
expressed in Escherichia coli BL21 and affinity purified with glutathione-
Sepharose 4B (GE Healthcare). The fusion proteins were eluted with 10
mM reduced glutathione. Recombinant protein kinases used in the in
vitro phosphorylation assay were cyclin E/CDK2 (Abcam), cyclin D1/
CDK4 (Abcam), cyclin D2/CDK4 (Abcam), cyclin A/CDK2 (Abcam), cy-
clin B/CDK1 (Abcam), ERK1 (Carna Biosciences), p38a (Carna Biosci-
ences), HIPK2 (Carna Biosciences), NLK (Carna Biosciences), and
glycogen synthase kinase 3B (GSK3; NEB). For the in vitro binding assay,
recombinant cyclin A/CDK2 (Carna Biosciences) and p38a (Millipore)
were used.

Immunoprecipitation and ubiquitylation assay. Plasmids were tran-
siently transfected into HEK293 cells by the calcium phosphate method.
After 43 h, cells were treated with 20 pM MG132 (Peptide Institute) for 5
hand subsequently lysed in lysis buffer containing protease inhibitors. For
immunoprecipitation (IP), cell lysates were incubated with antibodies
and protein G-Sepharose 4FF (GE Healthcare) at 4°C. Immunocomplexes
were washed with lysis buffer. For denaturing and IP analysis, lysates from
plasmid-transfected HEK293 or HeLa cells were denatured by the addi-
tion of SDS sample buffer and incubation at 100°C for 8 min before being
incubated with an anti-Myc antibody and protein G-Sepharose 4FF at
4°C. Immunoprecipitated samples as well as the original cell lysates (in-
put) were separated by SDS-PAGE and transferred from the gel onto a
polyvinylidene difluoride (PVDF) membrane (Millipore), followed by
immunoblotting. Proteins were visualized using an enhanced chemilumi-
nescence system (PerkinElmer).

Degradation assay. Plasmids were transfected into HeLa cells. At 24 h
after transfection, each transfection was replated into five culture dishes
for the chase experiment, and after an additional 24 h, cells were treated
with 12.5 mg/ml of cycloheximide for the times indicated in Fig. 6. Cell
lysates were subjected to immunoblotting. The intensity of the bands was
quantitated using the image analysis software Image Gauge, version 4.21
(Fujifilm), and the signal intensity of each GATA3 protein was normalized
using levels of HSP90 as a loading control.

In vitro phosphorylation assay. GATA3 WT peptide or GATA3-
T156A peptide (0.1875 mM) was incubated with 0.1 pg of recombinant
kinase at 30°C for 1 h in reaction buffer containing 50 wM ATP and 3.5
wCiof [y-**P]ATP (6,000 Ci/mmol), in a final volume of 20 p.l. Reactions
were terminated by the addition of 10 pul 0£250 mM H;PO,. Peptides were
trapped on P81 papers (Whatman), which were washed six times with 75
mM H,PO, and then monitored for radioactivity in a liquid scintillation
counter, as previously described (22). A purified GST-fused WT or T156A
mutant of GATA3 was incubated with the kinase sources indicated in Fig.
7 and 8 at 30°C for 30 min in reaction buffer containing 63 mM ATP.
CDK2 inhibitor (CVT313; Enzo Life Sciences) or competitor (purified
recombinant p27) at the indicated dose was added before incubation. The
reaction was terminated by boiling mixtures for 5 min. For in vitro phos-
phorylation and binding assays, instead of boiling, phosphorylated mix-
tures were incubated for an additional hour at 4°C with lysate from
HEK293 cells exogenously expressing Fbw7. GST-fused proteins were
then precipitated using glutathione-Sepharose beads. All reaction mix-
tures were subjected to immunoblot analysis using the indicated anti-
body.

RNA interference. HEK293 cells were transfected with GATA3 ex-
pression plasmid and small interfering (siRNA) oligonucleotides for
CDK2 using Lipofectamine 2000 reagent (Life Technologies), according
to the manufacturer’s protocol. After 43 h, cells were treated with 20 nM
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FIG 1 The CD4 SP subset in the thymus and CD4" and CD8* T-cell subpopulations in the spleen of Lck-Cre/Fbw 781 mice are reduced. (A) Representative

flow cytometric analysis of surface expression of CD4 and CD8 on thymocytes from Fbw7°%/°% or Lck-Cre/Fbw:

ox/MloxX mice at 8 weeks of age. The percentages

of DN, DP, and SP populations are indicated. (B) Proportions of the T-cell subsets determined in panel A. Data are means = SD from six mice of each genotype.
(C) Representative flow cytometric analysis of surface expression of CD4 or CD8 on splenocytes from Fhw7%¥/1°% or Lck-Cre/Fbw7%¥1°% mice at 9 to 10 weeks
of age. The percentages of CD4* and CD8* T-cell subpopulations are indicated. (D) Proportions of the T-cell subsets determined in panel C. Data are means %
SD from six mice of each genotype. The P value was determined using the Student ¢ test. F/F, flox/flox.

okadaic acid and 20 M MG132 for 5 h. The nucleotide sequence of the
CDK2 siRNA was 5'-AAGGUGGUGGCGCUUAAGAAA-3" with 3’
dTdT overhangs (Sigma Genosys). Cell lysates were subjected to immu-
noblotting.

qRT-PCR analysis. Total RNA was isolated from cells using RNAiso
(TaKaRa) or Isogen-LS (Wako) and subjected to reverse transcription
with random hexanucleotide primers and SuperScript II reverse trans-
criptase (Invitrogen). The resulting cDNA was subjected to quantitative
real-time PCR (qRT-PCR) using a Rotor-Gene 3000 system (Corbett Re-
search) and a SYBR premix Ex Tagq kit (TaKaRa). The sequences of PCR
primers were as follows: 5'-AGGCAGGGAGTGTGTGAACT-3’ (sense)
and 5'-TCATAGTCAGGGGTCTGTTA-3' (antisense) for GATA3; 5'-C
AGGGAAACCCAGGAAAAAC-3' (sense) and 5'-AGTTCCGCACATCC
TTCTTG-3' (antisense) for CCR7; 5'-AGAAGAGGGGATTGATGAA
C-3' (sense) and 5'-AGTGTTGTCATCAGAACCAC-3' (antisense) for
Fbw7; 5'-TGCACCACCAACTGCTTAG-3' (sense) and 5'-CAGGCAGG
GATGATGTTC-3' (antisense) for glyceraldehyde-3-phosphate dehydro-
genase (GAPDH). The amount of transcript was normalized against that
of GAPDH as an internal standard.

Cell cycle synchronization. For arrest during G,/S phase, HeLa cells
were incubated with 1 pg/ml aphidicolin (Sigma) for 16 h, incubated in
aphidicolin-free medium for 10 h, and then incubated with 1 pg/ml
aphidicolin for 16 h. For arrest in G,/M phase, HeLa and HUT78 cells
were incubated with 1 pg/ml aphidicolin for 16 h, incubated in aphidico-
lin-free medium for 4 h, and then incubated with 100 ng/ml nocodazole
(Sigma) for 16 h. The DNA content of HUT78 cells nonsynchronized or
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synchronized at G,/M phase was examined by flow cytometry after pro-
pidium iodide staining (Beckman Coulter).

RESULTS

Conditional inactivation of Fbw7 in the T-cell lineages impedes
T-cell development. To address the unknown in vivo contribu-
tion of Fbw7 to T-cell development, we used conditional knock-
out Lck-Cre/Fbw7%°/1°% mice, which lost Fbw7 expression from
genetic deletion by Cre recombinase activity under the control of
the Lck promoter (3). We found a significant decrease in the
CD4 SP cell proportion in Lck-Cre/Fbw71°9%°% mice compared
with Fhw79°¥8°% mice (Fig. 1A and B). Moreover, we observed a
tendency toward a reduction of the CD8 SP and an increase of the
DP cells as a proportion of the thymocyte population (Fig. 1A and
B). To determine the influence of the ablation of Fbw7 on the
development of peripheral T cells, we examined spleens harboring
CD4* and CD8™ T cells from Fbw7"°/1°* and Lck-Cre/Fow 710X/
mice. The percentages of both CD4™ and CD87 cells were signifi-
cantly reduced in the spleen of Lck-Cre/Fbw7"1°* mice compared
with Fbw71°/8°% control mice (Fig, 1C and D). Because the CD4 SP
subtype in the thymus of Lck-Cre/Fbw77°77°* mice was significantly
reduced, it might affect the splenic CD4 " T cells. Our results suggest
that the aberrant accumulation of an Fbw7 substrate, which may be
GATA3, in CD8 SP cells from Lck-Cre/Fbw71°* mice might be
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FIG 2 Defects in T-cell maturation in Lck-Cre/Fbw71°9"°% mice. Apoptotic levels in SP subpopulations from Fbw71°¥/1°% and Lck-Cre/Fbw7"°%°* mice were
evaluated. (A) Graphs show representative profiles of annexin V staining in CD4 SP and CD8 SP subsets from both groups of mice at 8 to 9 weeks. (B) Percentage
of annexin V-positive cells determined from panel A. Data are means * SD from the percentage of annexin V staining in CD4 SP and CD8 SP subsets from five
Fbw71°1°% and six Lck-Cre/Fbw71°1°% mice. The P value was determined using the Student ¢ test. (C) The relative expression level of CCR7 in CD4 SP and CD8
SP subsets in the thymus from Fow71°99°% or Lek-Cre/Fhw71°/8°% mice at 8 to 9 weeks of age. CCR7 levels were measured by qRT-PCR and normalized against
GAPDH as an internal standard. Data are means * SD from three mice of each genotype.

due to enhanced apoptosis and/or perturbed maturation at the final
differentiation stage in the thymus.

We next examined the fraction of annexin V-positive cells in
the SP subpopulation in thymocytes of Lck-Cre/Fbw71¥/°% and
Fbw71°¥1% mice. Although no clear differences in annexin
V-positive CD4 SP cell populations was observed, we found sig-
nificantly more annexin V-positive CD8 SP cells in Lck-Cre/
Fbw71°%1°% mice than in control mice (Fig. 2A and B). Previously,
mice with enforced GATA3 expression throughout T-cell devel-
opment, driven by the CD2 locus control region (CD2-GATA3 Tg
mice), contained higher numbers of apoptotic cells in the thymus,
especially in CD8 SP cells, than in the controls and decreased
CD8* T-cell numbers in the periphery although total numbers
of CD8 SP cells in the thymus were within normal ranges com-
pared with controls (8). Our findings of aberrations in Lck-Cre/
Fbw7°¥/1°% mice corresponded well with those observed in CD2-
GATA3 Tgmice. These data imply that excess GATA3 in the CD8
SP subpopulation in the thymus may cause the distinctive aberra-
tions observed in CD8™ splenocytes.

Newly generated SP thymocytes migrate from the thymic cor-
tex to the medulla, where they undergo functional maturation to
acquire immune competence and egress capability (23, 24). CC-
chemokine receptor 7 (CCR7) is an important receptor for the
medullary positioning of SP cells and an indispensable signal me-
diator for unperturbed thymic T-cell differentiation and matura-
tion (24, 25). CCR7 remains at low levels in newly generated SP
cells and is quickly upregulated and maintained at high levels af-
terwards (26). CD8" CCR7™ T cells are more sensitive to sponta-
neous apoptosis than CD8" CCR7™" T cells (27). This suggests that
insufficient CCR7 in CD8™" SP cells suppresses final maturation in
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the thymus, followed by an induction of apoptosis (27). We spec-
ulated that reduced CCR?7 expression could be involved in defects
in development and survival of CD8 SP cells in the thymus of
Lck-Cre/Fhw 7980 mice and next evaluated CCR7 expression in
SP cells of Lck-Cre/Fow7¥/°% and Fhw71°¥/%°% mice. Significant
reduction of CCR7 expression was detected in CD8 SP cells
from Lck-Cre/Fbw71°/1°* mice compared with expression in
Fbw7°/80% mice although loss of Fbw7 did not affect the relative
expression level of CCR7 in CD4 SP cells (Fig. 2C). Normal CD8
SP cells harbor lower GATA3 levels and may be associated with
reduced CCR?7 transcription. Finally, we speculate that repression
of CCR?7 caused by the accumulation of GATA3 in CD8 SP cells
resulted in the prevention of final maturation and survival in the
thymus of the Lck-Cre/Fbw 7"/ mice,

Loss of Fbw7 causes accumulation of GATA3 during T-cell
differentiation in the thymus. GATA3 gene expression is re-
quired during T-cell differentiation from early to late stages in the
thymus (28). To examine the in vivo contribution of Fbw7 to
GATAS3 stability during T-cell development, we examined the ex-
pression level of GATA3 in subsets of thymocytes. CD4 SP and
especially DN and CD8 SP subsets from Lck-Cre/Fhw 7/ mice
displayed marked increases in GATA3 protein levels compared
with cells from Fbw7%°1°* mice, whereas an increase of GATA3
in comparison with the level in control animals was not observed
in the DP lineage of Fbw7-deficient mice (Fig. 3A).

Fbw7 protein was detected throughout the stages of T-cell
differentiation in control mice and was abolished in DP, CD4
SP, and CD8 SP subsets of Lck-Cre/Fbw7%°¥1°* mice although
it was detectable in DN subsets (Fig. 3A). A previous report
showed that Lck-Cre-mediated inactivation of the floxed allele
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Fbw71°X/89% mice at 8 weeks of age were cultured in RPMI 1640 medium for 4 h and incubated with 20 pM MG132 for 5 h. Celis were lysed and subjected to

immunoblot analysis with the indicated antibodies.

started at DN2 (29). Therefore, Fbw7 expression can be manip-
ulated after the transition to the DN2 stage in Lck-Cre/
Fbw71°%o% mice. Although Fbw7 was expressed in the DP sub-
set of the controls, Fbw7 elimination did not result in increased
GATA3 in DP cells of Lck-Cre/Fbw7%°¥°% mice (Fig. 34). To
more closely evaluate GATA3 protein levels, relative expres-
sion levels of GATA3 mRNA during T-cell development were
estimated by qRT-PCR. In contrast to protein levels, GATA3
mRNA expression was not significantly influenced by the ge-
netic status of Fbw7 (Fig. 3B). Consequently, we speculated
that Fbw7-mediated GATA3 degradation occurs at the DN
stage but not at the DP stage. Although CD8 SP subsets in the
thymus of the Lck-Cre/Fow7%°¥°% mice retained GATA3 ex-
pression, CD8™ T cells in the spleen did not express GATA3
(Fig. 3C).

We demonstrated the involvement of the Fbw7 and protea-
some-mediated degradation system in the regulation of GATA3
protein in mouse thymocytes. GATA3 protein accumulated in
control thymocytes treated with the proteasome inhibitor MG132,
whereas it did not accumulate in MG132-treated Lck-Cre/
Fbw7¥1°* mouse thymocytes (Fig. 3D). Meanwhile, GATA3
levels in the absence of MG132 were equivalent in Lck-Cre/
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Fbw 798 and Fbw7%°/%* thymocytes (Fig. 3D). Because ap-
proximately 80% of the thymocyte population consisted of the DP
subset, in which we did not observe Fbw7-mediated GATA3 turn-
over, the influence of Fbw7 genotype on GATA3 levels would not
be apparent in the entire thymocyte population. Increasing
GATA3 protein in CD4 SP and CD8 SP subsets of Lck-Cre/
Fbw71°¥1%% mice proposes a role for Fbw7 in regulating GATA3
other E3 ligases might have a partial contribution to GATA3 turn-
over in these cells because GATA3 accurnulation under MG132
treatment was also observed in the CD4 SP subset of Lck-Cre/
Fbw71°1°% mice (Fig. 3E). Taking these observations together, we
propose that the significant survival of the CD8 SP lineage is
caused by the accumulation of GATA3 in Fbw7-depleted mice.

We also investigated levels of NF-kB2, another substrate of
Fbw7 known to accumulate during T-cell development in the thy-
mic subsets of Lek-Cre/Fbw 71989 mice (5). Changes in NF-kB2
protein levels were observed during the entire T-cell development
stage of Lck-Cre/Fhw71°1°% mice, showing a distinct pattern
from changes in GATA3 levels (Fig. 3A). This implies that Fbw7-
mediated GATA3 stability is regulated by signaling pathways dis-
tinct from those of NF-kB2.
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To clarify the correlation of accumulation of GATA3 with de-
pletion of Fbw7 in Lck-Cre/Fhw 71 19% mice, we performed ad-
ditional analysis focusing on subpopulations from DN1 to DN4,
which were sorted using anti-CD44 and anti-CD25 antibodies, in
addition to anti-CD4 and anti-CD8 antibodies (Fig. 44). We ini-
tially observed the elimination of Fbw7 expression at the DN3 and
DN4 stages in Lck-Cre/Fbw7%°1°% mice by comparing RNA ex-
pression levels to those of control mice (Fig. 4B). It was in accord
with the quantitative transition of Fbw7 protein. As shown in Fig.
4C, the depletion of Fbw7 protein in Lck-Cre/Fbw719¥/80% mjce
started at DN3 and was completed by DN4. Moreover, we found
that GATA3 protein was increased in DN4 (Fig. 4C), which was
confirmed by immunocytochemical analysis (Fig. 41> and E).
These results suggest that Fbw7 participates in the degradation of
GATA3 in DN4 cells.

Fbw7 binds to, ubiquitylates, and degrades GATA3 in a Thr-
156-dependent manner. The accumulation in the thymic subsets
of Lck-Cre/ Fbw71°¥/°% mice predicts GATAS3 as a novel target for
Fbw?7 ubiquitin ligase. Fbw7 often interacts with its substrates by
binding the phosphorylated CPD in its target proteins (Fig. SA).
We searched the amino acid sequence of GATA3 and noticed two
CPD sequences arranged in tandem in both human and mouse
GATAS3 proteins (Fig. 54, left). To determine whether Fbw7 in-
teracts with GATA3 protein and whether phosphorylation of CPD
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is required for recognition by Fbw7 in cultured cells, we prepared
a human wild-type (WT) GATAS3 expression plasmid and three
GATA mutants with amino acid substitutions (T156A/S162A,
T156A, and S162A), in which a Thr and/or Ser residue was re-
placed by Ala. The Myc-tagged WT or mutant GATA3 and FLAG-
tagged Fbw?7 expression plasmids were cotransfected into HEK293
cells. Cell extracts were subjected to immunoprecipitation (IP) to
evaluate the binding between Fbw7 and GATA3. WT GATA3 suc-
cessfully coimmunoprecipitated Fow7 (Fig. 58). Although the
S162A mutant retained binding at levels similar to those of the
WT, the T156A/S162A and T156A GATA3 mutants completely
lost Fbw7 binding ability (Fig. 5B). This result suggests that Thr-
156, but not Ser-162, in GATA3 is required for recognition by
Fbw7.

We next examined whether Fbw7 promotes ubiquitylation of
GATA3 in HEK293 cells by denatured IP analysis. A strongly en-
hanced ubiquitylation signal was detected on WT GATA3 in the
presence of Fbw7 (Fig. 3C). Notably, Fbw7-mediated ubiquityla-
tion of both T156A/S162A and T156A mutants was markedly re-
duced, while the S162A mutant was successfully ubiquitylated
(Fig. 5C). Similar results were obtained in HeLa cells (Fig. 5D).

To address the possibility that the SCFF®” ubiquitin ligase tar-
gets GATA3 for degradation, the effect of Fbw7 expression on the
turnover of exogenous GATA3 was investigated in HelLa cells.
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