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Abstract

Insulin selectively regulates multiple cellular functions such as gene expression and
metabolism by its doses and temporal patterns. However, the global network that underlies
insulin action and selective use of specific pathways by dose and time remain unknown.
Here we reconstructed global trans-omic network of insulin action using phosphoproteome,
transcriptome, and metabolome data. We first reconstructed trans-omic networks; including
phosphorylation-dependent cellular functions regulatory network, transcriptional regulatory
network, phosphorylation- and allostery-dependent metabolism regulatory network. We
integrated these trans-omic networks, and obtained the trans-omic regulatory network.
Further, we identified selective regulatory network by dose and time of insulin. Akt and Erk
encode information of a wide dynamic range of insulin. Down-regulated genes and
metabolites in glycolysis show high sensitivity and fast response, and up-regulated genes
and dicarboxylic acids in TCA cycle show low sensitivity and slow response, indicating

that these downstream effectors selectively decode information of dose and time of insulin.
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1. Abbreviations

Abbreviations

Full Spellings

[ Proteins ]
Acaca
Acly
Ampk
Creb
Egrl
elf4db
elfdebpl
Erkl
Erk2
Fasn
Grb2
Gsk3p
Hesl
InsR
Irsl

Irs2

Jnk
mTORC1
Pfkfb
Pkl
P13k
S6k
Tscl
Tsc2

[ Genes ]
G6Pase
Pckl

acetyl-CoA carboxylase alpha

ATP citrate lyase

adenosine monophosphate-activated protein kinase
CAMP response element-binding protein

early growth response 1

eukaryotic translation initiation factor 4B
eukaryotic translation initiation factor 4E-binding protein 1
extracellular signal-regulated kinases 1
extracellular signal-regulated kinases 2

fatty acid synthase

growth factor receptor-binding protein 2

glycogen synthase kinase 3

hairy and enhancer of split-1

insulin receptor

insulin receptor substrate 1

insulin receptor substrate 2

c-Jun N-terminal kinase

mTOR complex 1
6-phosphofructo-2-kinase/fructose-2,6-biphosphatase 1
phosphofructokinase, liver type
phosphatidylinositol 3-kinase

S6 kinase

tuberous sclerosis 1

tuberous sclerosis 2

glucose-6-phosphatase
phosphoenolpyruvate carboxykinasel



Abbreviations

Full Spellings

[ Amino acids ]

Ser
Thr
Tyr

[ Methods ]
CE-TOFMS
MRM

PBS

[ Statistics ]
ANOVA
AUC

SEM

[ Others ]
DCM
DEG
DET
FPKM
IRpP
KSR
PPI
RME
RPK
TF
TFBM

serine
threonine
tyrosine

capillary electrophoresis time-of-flight mass spectrometry
multiple reaction monitoring
phosphate-buffered saline

analysis of variance
area under the curve
standard error of the mean

differentially changed metabolite
differentially expressed gene
differentially expressed transcript
fragments per kilobase of transcript per million mapped reads
insulin-responsive phosphopeptide
kinase-substrate relationship
protein-protein interaction
responsible metabolic enzyme
responsible protein kinase
transcription factor

transcription factor binding motif



2. Introduction

2.1 Insulin signaling

The recent increase in metabolic disorders related to insulin resistance is a major health

concern [1]. Understanding how cells interpret this physiologically dynamic hormone may

provide new insights into preventing or treating metabolic disorders associated with insulin

resistance. Insulin regulates systemic metabolic homeostasis via multiple regulation,

including metabolism, gene expression, and protein synthesis. Liver, skeletal muscle, and

adipose tissue are known as the target tissues of insulin [2—4]. In the liver, insulin signal is

transmitted through signaling pathway via activation of insulin receptor (InsR) [3,5]. The

activated InsR triggers series of phosphorylations in signaling pathway including insulin

receptor substrate 1 and 2 (Irs1 and Irs2), Akt, mTOR complex 1 (mMTORC1), extracellular

signal-regulated kinases 1 and 2 (Erkl and Erk2), p38, and adenosine

monophosphate-activated protein kinase (Ampk), and multiple cellular functions are

regulated through the phosphorylations of specific target molecules [3,5-8]. Insulin also

regulates gene expression through mainly Akt signaling pathway and Mapks (Erk and p38)

signaling pathway [3,5,9-11]. Akt directly phosphorylates Foxo family of forkhead



transcription factors (TFs) including Foxol (also known as Fkhr), leading to nuclear

exclusion of Foxol [12,13]. The exclusion of Foxol suppresses gluconeogenesis by

reducing the expression of glucose-6-phosphatase (G6Pase) and phosphoenolpyruvate

carboxykinasel (Pckl), which are rate-limiting enzymes of gluconeogenesis [3,14]. Erk

regulates gene expression through activation of cCAMP response element-binding protein

(Creb) and induction of TFs such as early growth response 1 (Egrl), and hairy and

enhancer of split-1 (Hes1) [15-18]. Insulin also activates c-Jun N-terminal kinase (Jnk) via

phosphatidylinositol 3-kinase (PI3Kk) and growth factor receptor-binding protein 2 (Grb2),

and activates TFs such as c-Jun and activating transcription factor 2 (Atf2) through

phosphorylations [19,20]. global metabolism such as glycolysis/gluconeogenesis,

glycogenesis, amino acids, and lipid metabolism are regulated through series of

phosphorylations of metabolic enzymes by signaling molecules such as glycogen synthase

kinase 3B (Gsk3p), allosteric regulation and gene expression [2]. Moreover, insulin also

regulates proteins synthesis by phosphorylation of ribosomal protein S6 kinase (S6k) that

phosphorylates ribosomal protein S6, eukaryotic translation initiation factor 4E-binding

protein 1 (elf4ebpl), and eukaryotic translation initiation factor 4B (elf4b) via mTORC1

phosphorylated and activated by Akt through tuberous sclerosis 1 and 2 (Tscl and Tsc2)
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[6,21,22]. Additionally, insulin regulates other cellular functions such as cell adhesion,

cytoskeleton, and splicing [23-26]. These cellular functions are coordinately regulated by

insulin signal transmitted across large-scale network consisting of protein phosphorylations,

metabolites, mMRNAs, and protein synthesis. However, how insulin globally regulates

protein phosphorylation, gene expression, metabolism, protein synthesis, and other cellular

functions has yet to be uncovered.

2.2 Developments of omic measurements

Recent Technical advances in phosphoproteomic, transcriptomic and metabolomic

measurements enable us to large-scale quantitative analysis of changes in protein

phosphorylation, gene expression, and metabolite abundance. For example,

phosphoproteomic studies of insulin signaling have been demonstrated in 3T3-L1 mouse

adipocytes [22], Drosophila cells [27,28], mouse hepatoma cells [29], rat primary

hepatocytes [30], mouse brown preadipocytes [31], and rat FAO hepatoma cells [32].

Transcriptomic studies of insulin signaling have been demonstrated in rat hepatoma cells

[33], mouse fibroblasts [34,35], mouse osteoclast precursors [36], and human skeletal

muscle [37]. Sano et al. also previously analyzed gene expression using transcriptome data
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in insulin-stimulated FAO cells [38]. Metabolomic studies of insulin signaling have been

demonstrated in human [39], human plasma [40], and rat FAO hepatoma cells [32,41].

Despite such progress in each omic layer analysis of insulin action, little has been reported

for interactions between the multi-omic layers [42-46].

2.3 Developments of multiple omic analysis

We have recently proposed “trans-omics” as a discipline for reconstructing molecular

Interaction across multiple omic layers based on direct molecular interactions rather than

indirect statistical relationship [32,47,48]. Recently, trans-omic analyses of global networks

of metabolic control have been reported in metabolic control in Escherichia coli [49,50], in

Bacillus subtilis [42], in Saccharomyces cerevisiae [51-53], in Chinese hamster ovary cells

[54], and in human T-cell [55]. Yugi et al. have previously reconstructed trans-omic

networks regulating metabolism through phosphorylation by acute insulin action using

phosphoproteome and metabolome data [32]. However, the network regulating other

cellular functions via protein phosphorylation, gene expression, protein synthesis, and

metabolism remains to be clarified.
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2.4 Selectivity of the intracellular molecules against insulin temporal patterns

Temporal patterns of specific growth factors coding extracellular information are encoded

into signaling pathways, and are selectively decoded by distinct downstream molecules by

differences in the sensitivities, time constants, and network structures [56]. Secretion of

insulin show distinct temporal patterns in response to blood glucose level: transient

additional secretion at a high dose and sustained basal secretion at a low dose [57,58]. We

previously demonstrated that signal molecules, metabolites, and gene expression, show

distinct sensitivity and rate response against insulin, selectively responding to additional

and basal secretion of insulin. Phosphorylations of S6k and Gsk3p, insulin signaling factors,

showed low sensitivity and fast response, responding to additional secretion of insulin,

while G6pase showed high sensitivity and slow response, responding to basal secretion

[59]. F1,6BP, a central metabolites of glycolysis, and glycogen showed low sensitivity fast

response, responding to additional secretion, while Pckl showed high sensitivity and slow

response, responding to basal secretion [41]. Up-regulated genes by insulin show low

sensitivities and fast responses, responding to additional secretion, while down-regulated

genes show high sensitivities and slow responses, responding to basal secretion of insulin

12



[38]. However, the overview of selectivity of the whole molecules in the trans-omic

network by doses and temporal patterns of insulin has yet to be demonstrated.

2.5 Purpose of this study

In this study, | reconstructed trans-omic network using phosphoproteome, transcriptome,
and metabolome data in insulin-stimulated FAO cells. First, a trans-omic regulatory
network comes across three omic layers, phosphoproteome, transcriptome, and metabolome,
was reconstructed. The trans-omic regulatory network includes three subnetworks:
phosphorylation-dependent cellular functions regulatory network; transcriptional regulatory
network via TFs; phosphorylation- and allostery-dependent metabolism regulatory network.
Then, | estimated sensitivities and time constants of signaling molecules, gene expression,
and metabolism against insulin stimulation, and identified selectivity of the molecules by
dose and time of insulin, reflecting the selective use of specific pathways by additional and
basal insulin secretion. This study demonstrates the trans-omic regulatory network of
insulin action that realizes physiological modes of action, based on phosphoproteome,

transcriptome and metabolome.
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3. Results

3.1 Reconstruction of the trans-omic regulatory network of insulin action

In this study, I reconstructed trans-omic network of chronic insulin action in rat FAO

hepatoma cells by integrating phosphoproteome, transcriptome, and metabolome data. In

the previous study, Yugi et al. reconstructed a trans-omic network of acute insulin action (<

60 min) in rat FAO cells via mainly phosphorylation, based on metabolome and

phosphoproteome data [32]; however, transcriptional regulation, as well as phosphorylation,

Is related to metabolism regulation in chronic insulin action, and insulin regulates not only

metabolism but also various cellular functions such as cell adhesion, cytoskeleton, and

splicing [23-26]. Therefore, | reconstructed global trans-omic network of insulin action in

FAO cells including protein phosphorylation, gene expression, enzymatic regulation, and

allosteric regulation by integrating phosphoproteome, transcriptome and metabolome data

obtained from insulin-stimulated Fao cells. This reconstruction of the trans-omic regulatory

network was performed by the following four steps (Fig. 1): Step I, reconstruction of

phosphorylation-dependent regulatory network regulating cellular functions (cellular

functions regulatory network) based on phosphoproteome data; Step Il, reconstruction of
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transcriptional regulatory network via TFs (transcriptional regulatory network) based on
transcriptome and phosphoproteome data; Step Il1, reconstruction of phosphorylation- and
allostery-dependent network regulating metabolism (metabolism regulatory network) based
on metabolome and phosphoproteome data; Step 1V, reconstruction of global regulatory
network (trans-omic regulatory network) by integrating the regulatory networks
reconstructed in Steps | to Il1. | further identified selective regulation of the molecules in
the trans-omic regulatory network by dose and time of insulin by estimating sensitivities

and time constants against insulin stimulation.

3.2 Step I: Reconstruction of cellular functions regulatory network

Insulin binds to the receptor to trigger series of phosphorylations in signaling pathways
such as PI3k-Akt signaling pathway and Mapk signaling pathway [3,5-8]. These
phosphorylations are transmitted through intracellular signaling networks to regulate
multiple cellular functions. In this step, | reconstructed cellular functions regulatory
network, which transmits insulin signal via mainly phosphorylation to regulate cellular

functions, based on phosphoproteome data. The cellular functions regulatory network was
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reconstructed in the three substeps: (i) identification of signaling layer transmitting insulin

signal, (ii) identification of insulin-dependent phosphorylations on cellular functions, and

(iii) estimation of the responsible protein kinases of the insulin-responsive phosphopeptides

(IRpPs).

3.2.1 Identification of the signaling layer

In the previous study, Yugi et al. analyzed the phosphoproteome data of acute insulin action

[32]. However, among the detected phosphopeptides, only a part of phosphopeptides on the

metabolic enzymes has been considered in the previous study. In this study, | utilized all of

the phosphopeptides detected in the phosphoproteome data for the reconstruction of

trans-omic network. The phosphoproteome data detected 7,929 phosphopeptides derived

from 3,468 proteins, including 6,989 phosphoserine (pSer), 1,421 phosphothreonine (pThr),

and 79 phosphotyrosine (pTyr) (Fig. 2a). Note that since some of the phosphopeptides have

multiple phosphorylated residues, the sum of the numbers of the phosphorylated residues is

not equal to the number of phosphopeptides. Singly phosphorylated peptides occupied

93.16% of all the 7,929 phosphopeptides (Fig. 2a). The distribution of phosphorylated sites

by amino acid was consistent with the previous studies [22,60-62].
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From the phosphoproteome data, the 3,288 IRpPs were identified (see Experimental
Procedures), and the 1,947 proteins including at least one IRpP was defined as a
differentially phosphorylated protein. The over-representation analysis with the
differentially phosphorylated proteins on the signaling pathways (see Experimental
Procedures) was performed to identify the 14 signaling pathways on which the
differentially phosphorylated proteins were significantly over-represented (Fig. 2b; Table
1 and S1). The signaling layer transmitting insulin signaling by mainly phosphorylation
was reconstructed by integration of the 14 signaling pathways (Fig. 2c). The signaling layer
consists of 146 proteins and 19 compounds, and the proteins included in the signaling layer
are defined as signaling factors. The signaling factors included well-known
insulin-responsive signaling molecules such as Akt, Erkl, Erk2, and mTORCL1 [3,5,14].
Among the 289 phosphopeptides derived from 125 signaling factors, 134 phosphopeptides
indicated quantitative changes (56 increased, 43 decreased, and 33 increased and
decreased). In the previous study, Yugi et al. used a part of rat Insulin signaling pathway
(rno04910) from Kyoto Encyclopedia of Genes and Genomes (KEGG) database including
42 proteins and three compounds as a signaling layer [32]. Among the 42 proteins included

in the previous signaling layer, 40 proteins (95.24%) except the molecules not being the
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downstream of InsR such as Ship2 and Lar were also included in the signaling layer

defined in this study, and 106 proteins were newly included.

3.2.2 Identification of cellular functional layer

To identify the insulin dependent cellular functions regulated via phosphorylation, the

over-representation analysis with the differentially phosphorylated proteins on the cellular

functional pathways, which are the KEGG pathways except for signaling pathways and the

pathways that work in specific tissues other than liver (Table S2, see Experimental

Procedures), was performed to identify the 11 cellular functional pathways on which the

differentially phosphorylated proteins were significantly over-represented (Fig. 2d; Table 2

and S1). These cellular functional pathways were defined as cellular functional layer. The

cellular functional layer included the pathways regulating cell adhesion such as Tight

junction (rno04530) and Gap junction (rno04540), the pathways regulating cytoskeleton

such as Regulation of actin cytoskeleton (rno04810), and the pathways regulating

post-transcriptional regulation such as RNA transport (rno03013) and Spliceosome

(rno03040).
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3.2.3 Estimation of kinases regulating the IRpPs

To examine the regulation of the insulin-dependent cellular functions, the responsible

protein kinases (RPKSs) for the IRpPs in the pathways on the cellular functional layer were

estimated using NetPhorest, a kinase-substrate relationship (KSR) estimation tool [63,64].

NetPhorest estimates posterior probabilities that a particular protein kinase classifier,

including multiple kinases (Table S3), recognizes an amino acid residue. The kinases in the

classifier indicating the largest posterior probability value was defined as RPKs (see

Experimental Procedures). The cellular functional layer included 1,103 phosphopeptides

and 492 IRpPs derived from 216 proteins. | estimated the 1,688 KSRs between 86 RPKs

and 486 IRpPs in the cellular functional layer (Table S4).

To examine the selective usage of protein kinases for the insulin-dependent cellular

functions, occurrence ratio of the RPKs in the 11 pathways in the cellular functional layer

and metabolic enzymes identified from KEGG database was calculated (Table S5, see

Experimental Procedures), and the pathways with the metabolic enzymes were

hierarchically clustered by the occurrence ratios (Fig. 3a). The clustering analysis divided

the pathways with the metabolic enzymes into two clusters. Cluster 1 included pathways

regulating cell adhesion and cytoskeleton such as Tight junction (rno04530), Gap junction
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(rno04540), and Regulation of actin cytoskeleton (rno04810), while cluster 2 included

pathways regulating post transcription regulation such as RNA transport (rno03013) and

Spliceosome (rno03040). In addition, to examine the protein kinases regulating the

pathways included in each cluster, the motif logos of amino acid sequences of IRpPs in

each pathway were generated by using enoLOGOS [65] (Fig. 3b). Many of logos

generated against the pathways in cluster 1 had one arginine residue (R) at -3 position,

suggesting that many of the pathways related to cell adhesion and cytoskeleton were

regulated by the basophilic kinases such as Akt and Pka. While, many of logos generated

against the pathways in cluster 2 had one proline residue (P) at +1 position, suggesting

that many of the pathways related to post transcriptional regulation were regulated by the

proline directed kinases such as Mapk. To examine these suggestions statistically, the

amino acid compositions at each position of the IRpPs included in the pathways in

cellular functional layer and metabolic enzymes, or each cluster were tested using

iceLogo [66] (Fig. 3c). On the IRpPs in the cellular functional layer with the metabolic

enzymes, one P at +1 position and one R at -3 position were significantly

over-represented (p < 0.05). On cluster 1, except for valine residue (V) at +1 position,

any amino acids residue were not significantly over-represented at all positions, and P at
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+1 position significantly under-represented, while, on cluster 2, the P at +1 position was
significantly over-represented. These results indicates that the phosphorylations in response
to insulin were regulated by basophilic kinases such as Akt and Pka, and proline directed
kinases such as Mapk, and especially, those in the pathways in cluster 2, such as
post-transcriptional regulation, were regulated specifically by proline directed kinases.
The 28 RPKs among the estimated 86 RPKs were included in the signaling layer. The
signaling layer and the cellular functional layer were connected by the 620 KSRs
including the RPKSs included in signaling layer and 186 IRpPs in the cellular functional

layer. Thus, the cellular functions regulatory network was reconstructed (Fig. 4).

3.3 Step I1: Reconstruction of transcriptional regulatory network

Insulin regulates gene expression, as well as phosphorylation, to regulate cellular functions
including metabolism [2,3,5-8,21-26]. In the previous study, Sano et al. revealed that
up-regulated and down-regulated genes in response to insulin stimulation exhibit different
sensitivities and time constants, based on the transcriptome data [38]. The sensitivities are
the time constants revealed to be important factors to determine selectivity against temporal

patterns of insulin [59]. Therefore, in this study, I reconstructed a transcriptional regulatory
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network regulating the genes indicating fast or slow time constants and high or low

sensitivities via TFs (transcriptional regulatory network), based on the transcriptome and

the phosphoproteome data. The transcriptional regulatory network was reconstructed in the

four substeps: (i) identification of up-regulated and down-regulated differentially expressed

genes (DEGs) by insulin stimulation; (ii) classification of the up-regulated and

down-regulated DEGs according to the sensitivity (ECso) and time constant (Tu2); (iii)

estimation of TFs specific to each class of DEGs; and (iv) identification of regulatory

signaling factor for each TF.

3.3.1 Identification of up-regulated and down-regulated DEGs

Among all genes corresponding to the 490 differentially expressed transcripts (DETS)

identified in the previous study [38], 433 genes detected at all time points were defined as

the DEGs in this study. The DEGs were categorized into 114 up-regulated, 144

down-regulated, and 175 other DEGs according to the parameter indicating variation and

area under the curve (AUC) ratios in each DEG (Fig. 5a and b; Table S6, see Experimental

Procedures).
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3.3.2 Classification of the up-regulated and down-regulated DEGs

| defined ECso and Ta2 values as parameters of sensitivity against insulin doses and that of

time constant in response to insulin stimulation, respectively (Fig. 5c, see Experimental

Procedures). ECso was defined as the dose of insulin that provides the 50% of the maximal

AUC of time series of gene expression. The smaller ECso indicates the higher sensitivity to

insulin dose, and vice versa. T12 was defined as the time when the response reaches 50% of

the peak amplitude. The smaller T12 indicates the faster response, and vice versa. The ECso

and Ti2 values were calculated for each of up-regulated or down-regulated DEGs. The

distributions of both of ECso and Tu2 values between the up-regulated and down-regulated

DEGs were significantly different (adjusted p < 0.01), and the averages of ECsos and Tu/2s

of the up-regulated DEGs were lager and smaller than those of the down-regulated DEGs,

respectively (Fig. 5d; Table 3), consistent with the previous observation [38]. For the ECso

and Tu2 values, | determined the thresholds dividing the distributions into large and small

values (61 for ECso, and 62 for T12). The up-regulated and down-regulated DEGs were

classified into four classes according to the thresholds (Fig. 5e and 11b; Table S6, see also

Fig. 11b): Class 1, high sensitivity (ECso < 61) and fast response (T2 < 62); Class 2, high

sensitivity and slow response (T2 > 62); Class 3, low sensitivity (ECso > 61) and fast
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response, and Class 4, low sensitivity and slow response. The majority of the up-regulated

DEGs (57 out of 114 up-regulated DEGSs) belongs to Class 3 (low sensitivity and fast

response), and that of the down-regulated DEGs (70 out of 144 down-regulated DEGS)

belongs to Classl (high sensitivity and fast response).

3.3.3 Estimation of TFs specific to each class of DEGs

The TFs specific for the classes of up-regulated and down-regulated DEGs were estimated

using TRANSFAC [67] and Match, a TF binding motifs (TFBMs) estimation tool [68], and

motif enrichment analysis (Fig. 6a; Table S7, see Experimental Procedures). Twenty-two

and 12 TFs were estimated for the classes of up-regulated DEGs and those of

down-regulated DEGs, respectively, and these were mutually exclusive except for Foxol.

The TFs specific for the classes of the up-regulated DEGs included the well-known

insulin-responsive TFs such as Creb, Srf, and Egrl [15-18]. Foxol, that is also known as a

well-known insulin-responsive TFs [12,13], was estimated in common for all classes of

down-regulated DEGs and for Class 4 of the up-regulated DEGs.
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3.3.4 Identification of regulatory signaling factor for each TF

To identify the regulation against the estimated TFs, the intracellular molecules regulating
the activities of the estimated TFs were identified from KEGG database (Table S8). The
117 proteins regulating the 12 out of the estimated 33 TFs were identified, defined as
regulators. Among the 117 regulators, 56 regulators related to 10 TFs were included in the
signaling layer. The 10 TFs were connected to the 56 out of identified 117 regulators in the
signaling layer to reconstruct the transcriptional regulatory network (Fig. 6b).

Estimation of TFs for the up-regulated and down-regulated DEGs reveals the selective
regulation of the DEGs by different TFs sets. The TFs estimated for the up-regulated
DEGs include Egrl, Crebl, and Srf, while those for the down-regulated DEGs include
Foxol. Given that activations of the former TFs have been regulated mainly by
Erk/Mapk pathways [15-18], while activation of Foxol is regulated by Akt pathway
[9,10,69,70], the up-regulated DEGs are likely to be regulated by Erk/Mapk pathways,

while the down-regulated DEGs by Akt pathways.
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3.4 Step I11: Reconstruction of metabolism regulatory network

In the previously study, Yugi et al. reconstructed phosphorylation-dependent metabolic

regulatory network of acute insulin action (< 60 min) based on metabolome and

phosphoproteome data [32]. In this study, | reconstructed phosphorylation-dependent

metabolic regulatory network of chronic insulin action (< 240 min) (metabolism regulatory

network) based on the metabolome and the phosphoproteome data. The metabolism

regulatory network was reconstructed in the three substeps: (i) identification of

differentially changed metabolites (DCMs) and their responsible metabolic enzymes

(RMEs); (ii) identification of allosteric regulation of RMEs by DCMs; and (iii) estimation

of the RPKs of the IRpPs in RMEs. Note that since many of protein phosphorylations by

insulin stimulation change sufficiently up to 60 min (see also Fig. 10), the acute

phosphoproteome data utilized in previous study [32] was also used for reconstruction of

the metabolism regulatory network.

3.4.1 Identification of DCMs and their RMEs

Based on the metabolome data of chronic insulin action (< 240 min), the 93 metabolites

whose abundances were significantly changed by insulin stimulation were identified and
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defined as differentially changed metabolites (DCMs) (Table S10, see Experimental

Procedures). Among the 93 DCMs, | identified 42 increased and 43 decreased DCMs in the

same manner with the DEGs. In the central carbon metabolism, DCMs in the upstream of

glycolysis (G6P and F6P) decreased, while DCMs in the downstream of glycolysis (F1,6BP,

3PG, and PEP) and those in the TCA cycle (Citrate, 2-Oxoglutarate, Succinate, Fumarate,

and Malate) increased (Fig. 7a and b). Many amino acids decreased, while Ala, Arg, and

Ser increased (Fig. 7a). Yugi et al. identified 55 metabolites quantitatively changed in

respond to acute insulin action [32], and 27 of which (49.09%) were included also in the

DCMs (Fig. 7c). The differences may be partly due to the difference of insulin stimulation

time and definition of changed metabolites.

Abundances of metabolites change depending on the reaction rates of the production

(influx) and consumption (efflux) that are determined by modification of enzymes, amounts

of enzyme, and amounts of substrate and product. Hereafter, the metabolic enzymes that

directly produce or consume at least one DCM were defined as RMEs. The 283 RMEs for

62 out of the 93 DCMs were identified from the KEGG database (Fig. 7d; Table S11). In

the previous study, Yugi et al. identified 198 metabolic enzymes regulating metabolites

changed quantitatively in respond to acute insulin action [32], and 123 of which (62.12%)
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were included also in the RMEs defined in this study (Fig. 7c). The differences may be

partly due to the difference of insulin stimulation time and definition of DCMs.

3.4.2 Identification of allosteric regulation of RMEs by DCMs

Since some kinds of metabolites activate or inhibit metabolic enzymes as allosteric

effectors, the DCMs functioning as allosteric effectors of each RME were identified from

BRENDA database, a database providing information regarding allosteric effectors and

their target enzymes from a comprehensive literature search [71] (Fig. 7e; Table S12).

Among the 93 DCMs, 70 DCMs were identified as allosteric effectors for the 146 RMEs

via a total of 381 allosteric regulations. An allosteric effector can operates as an activator

for some enzymes and as an inhibitor for others. The identified 70 allosteric effectors were

related to the 146 RMEs via 83 activations and 323 inhibitions.

3.4.3 Estimation of the RPKs of the RMEs

Phosphorylations of metabolic enzymes can regulate the enzymatic activity of the RMEs. |

examined the phosphopeptides included in the RMEs from the phosphoproteome data, and

identified 174 phosphopeptides derived from 51 RMEs. Among 174 phosphopeptides, 77

phosphopeptides derived from 30 RMEs, corresponded to 29 DCMs, were included in the
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IRpPs (Table S11). The 54 RPKs regulating the 127 IRpPs among those in the RMEs via

106 KSRs, were estimated using NetPhorest (Table S1). In the previous study, Yugi et al.

estimated 71 KSRs between 13 RPKs and 106 IRpPs that belong to 26 RMEs [32]. Twenty

out of the 26 phosphorylated enzymes were included in the 30 phosphorylated RMEs in

this study (Fig. 7c). The difference may be partly due to the differences of the DCMs.

The RPKs in signaling layer were connected to the IRpPs in the RMEs via the

estimated KSRs. Among the 54 RPKs in 106 KSRs, 18 RPKs in 19 KSRs were included

in the signaling layer, and were connected to 10 RMEs. Thus, the metabolism regulatory

network regulating metabolism via 19 KSRs estimated between the 18 RPKs and 10

RMEs, 395 enzymatic regulations by 283 RMEs against the 62 DCMs, and 381 allosteric

regulations (83 activations and 323 inhibitions) by 70 DCMs against the 146 RMEs,

were reconstructed (Fig. 8).

3.5 Step 1V: Reconstruction of trans-omic regulatory network

The cellular functions regulatory network (Fig. 4), the transcriptional regulatory network

(Fig. 6b), and the metabolism regulatory network (Fig. 8) were integrated to reconstruct a
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trans-omic regulatory network. Since these networks includes a common signaling layer,

the downstream of signaling layer such as cellular functional layer, TFs, and RMEs were

connected to single signaling layer. Moreover, since the reaction rates of influx and efflux

that change the abundance of the metabolites are determined by amounts of the enzyme as

well as the modifications of the metabolic enzymes such as allosteric regulation and

phosphorylation, five DEGs coding RMEs were identified from the transcriptome data

(Table S11). Herewith, the trans-omic regulatory network regulating cellular functions

including metabolism via protein phosphorylation, transcription, enzymatic regulation, and

allosteric regulation were reconstructed (Fig. 9).

In the trans-omic regulatory networks, the RMEs were regulated by three different

modules; protein phosphorylation, gene expression, and allosteric regulation. Among 283

RMEs, 30 RMSs were differentially phosphorylated, and 10 of which are connected to

kinases in the signaling layer. The differentially phosphorylated RMEs include

6-phosphofructo-2-kinase/fructose-2,6-biphosphatase 1 (Pfkfb) and phosphofructokinase,

liver type (Pfkl), which are rate-limiting enzymes of glycolysis/gluconeogenesis, ATP

citrate lyase (Acly), acetyl-CoA carboxylase alpha (Acaca), and fatty acid synthase

(Fasn), which are rate-limiting enzymes of fatty acid synthesis. Five up-regulated or
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down-regulated DEGs cording the RMEs such as G6Pase and Pck1, rate-limiting enzymes

of gluconeogenesis, were identified. Moreover, the 70 out of 93 DCMs were identified as

allosteric effectors.

Numbers of protein phosphorylations and gene expression for RMEs were limited

compared with those of allosteric regulation. This characterizes the metabolic regulations

by protein phosphorylation, gene expression and allosteric regulation. Primarily, insulin

acts only on a few but key regulatory points in the metabolic pathway such as the

rate-limiting enzymes via protein phosphorylation and gene expression. This primary

metabolic regulation on the few regulatory points are rapidly transmitted to numerous

metabolites along with metabolic pathways, thereby change considerable numbers of

allosteric effectors that work as secondary regulators of insulin signal to more metabolic

enzymes than the primary regulation.

3.6 Elucidation of selectivity of the trans-omic regulatory network to insulin doses

Insulin exhibits specific temporal patterns by dose and time; basal secretion, which is a low

dose secretion with slow and sustained temporal pattern during fasting, and additional
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secretion, which is a high dose secretion with rapid and transient increase in response to

meals in vivo [57] (Fig. 10a left). To examine which the individual molecules in the

trans-omic regulatory network respond selectively to additional or basal secretion of insulin,

| attempted to identify selective regulation of the molecule by dose and time of insulin,

according to the ECso and the T2 values. The molecules indicating smaller T12 respond to

insulin stimulation faster, while those indicating larger Ti2 respond slower. Since the

molecules indicating small ECso saturate with low insulin dose, tending to be

indistinguishable between low and high dose of insulin, while since those indicating large

ECsodifferently respond to low and high dose of insulin, tending to be distinguishable the

dose of insulin stimulation (Fig. 10a right).

The parts of molecules in signaling layer, transcription factors, and protein synthesis

related factors were classified into four classes, as well as the classification of the DEGs,

according to their ECso and T2 values. Within the molecules in signaling layer, Hatano

measured phosphorylations of Irsl (plrsl), Akt (pAkt), S6k (pS6k), Gsk3p (pGsk3p),

Erk (pErk), p38 (pp38), Jnk (pJnk), Ampk (pAmpk), and Tsc2 (pTsc2) in time series by

western blotting (Fig. 11). Within the transcription factors, Hatano measured

phosphorylations of Foxol (pFoxol), Creb (pCreb), Atf2 (pAtf2), and c-Jun (pc-Jun),
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and protein abundances of Egrl, c-Jun, and Hesl in time series by western blotting (Fig.

11). Within the protein synthesis related factors, Hatano measured phosphorylations of S6

(pS6), elfdebpl (pelfdebpl), and elf4b (pelfdb) in time series by western blotting (Fig. 11).

Hereafter, these molecules measured by western blotting were denoted as signaling

molecules. The ECso and the T12 values of the signaling molecules were calculated from

the western blotting data, and the signaling molecules were classified into four classes

according to their ECso and T2 values, in same manner with the DEGs (Fig. 10b left; Table

S13, see Experimental Procedures).

The increased and decreased DCMs were also classified into four classes, as well as the

classification of the DEGs and the signaling molecules. The ECso and the T12 values were

calculated based on the metabolome data. Distributions of both of ECsos and T1/28 between

the increased and decreased DCMs were significantly different (adjusted p < 0.01), and

both of the averages of ECsos and Tu/2s of the increased DCMs were larger than those of the

decreased DCMs (Fig. 10b right; Table 4). Furthermore, both of the distribution of ECsos of

the increased and decreased DCMs looked unimodal. The distribution of T12s of the DCMs

looked bimodal, while that of the decreased DCMs looked unimodal. According to the ECso
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and Ti2 values, the DCMs were classified into four classes, in same manner with the

DEGs and the signaling molecules (Fig. 10b right; Table S10, see Experimental

Procedures).

The thresholds of ECso values for the signaling molecules, the DEGs, and DCMs were

0.63 nM, 0.70 nM, and 0.40 nM, respectively, indicating that the threshold of ECsos are

within the similar range of sub nanomolar order. It is noteworthy that the estimated

thresholds of ECsos were within sub nanomolar order, corresponding to the insulin dose

distinguishing between additional secretion (nM order) and basal secretion (tens to

hundreds of pM) [57,58] (Fig. 10b). The thresholds of Ti values of signaling molecules,

the DEGs, and DCMs are 36.21 min, 87.59 min, and 54.17 min, respectively (Fig. 10b),

suggesting the delay from insulin-signaling to metabolism and to gene expression.

3.6.1 Selectivity of the signaling molecules

Within the signaling factors in signaling layer, plrsl, pJnk, pAkt, and pErk show low

sensitivity and fast response (Class 3), indicating that these hub molecules of

insulin-signaling, can encode information of a wide dynamic range against dose and time of

insulin across basal and additional secretion (Fig. 10b left; Table 13). On the other hand,
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pS6k, pTsc2, pp38, and pGsk3p show high sensitivity and fast response (Class 1),
indicating that these downstream effectors of the hub molecules are sensitive to low dose of
insulin and are likely to selectively respond to basal secretion (Fig. 10b left; Table 13).

Within the TFs, pCreb and pFoxol were included in the TFs in Class 1 (high
sensitivity and fast response), while Egrl and Hesl were included in those in Class 4
(low sensitivity and slow response) (Fig. 10b left; Table 13). The former, Creb and Foxol,
are regulated by phosphorylation by signaling factors including Erk and Akt
[10,14,18,69], while the latter, Egrl and Hesl, are regulated by gene expression [72-75].
Indeed, both Egrl and Hesl genes were included in the Class 1 of up-regulated DEGs
(Fig. 10b middle; Table 13). The difference in the sensitivities and the time constants
between pCreb and pFoxol, and Egrl and Hesl are likely due to the different regulatory
mechanisms, protein phosphorylation and gene expression, respectively.

Within the protein synthesis related factors, all of those measured in this study (pSé6,
pelfdebpl, and pelf4b) were included in Class 1 (high sensitivity and fast response),
indicating that protein synthesis reflects basal secretion of insulin in fasting state but not

additional secretion in fed state (Fig. 10b left; Table 13).
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3.6.2 Selectivity of the DEGs

For the DEGs classified above, majority of the down-regulated DEGs (Class 1 and 2) are

mainly regulated in response to basal secretion of insulin, while that of the up-regulated

DEGs (Class 3 and 4) are regulated in response to additional secretion (Fig. 10b middle;

Table S6). The former includes, G6Pase and Pckl, the genes of rate-limiting enzymes of

gluconeogenesis promoted in fasting state [3,14], while the latter includes Hmgcr, the gene

of rate-limiting enzyme of cholesterol synthesis, promoted in the fed state [76,77],

consistent with the physiological role of the DEG. Notably, among the up-regulated DEGs,

the DEGs included in the class indicating low sensitivity and fast response (Class 3) are

regulated by the Creb indicating fast response, while those included in the classes

indicating slow response (Class 2 and 4) are regulated by the Hesl and Egrl indicating

slow response, suggesting that the response rates of the up-regulated DEGs are affected by

the activity rates of the transcription factors. Conversely, all down-regulated DEGs are

regulated by Foxol indicating fast response, suggesting that the response rates of the

down-regulated DEGs are affected by the degradation rates of individual genes.
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3.6.3 Selectivity of the DCMs

For DCMs, those in upstream of glycolysis (F6P, F1,6BP, and DHAP) and downstream of

glycolysis (3PG and PEP) are included in Class 1 and 2, respectively (Fig. 7a, 7b, and 10b

right; Table S10). The DCMs in fatty acid synthesis (Citrate and Malonyl CoA) are

included in Class 2. Considering that Class 1 and Class 2 are the classes of metabolites

indicating high sensitivity with fast and slow response, respectively, upstream of glycolysis

is primarily regulated by basal secretion of insulin, leading to subsequent changes in

downstream glycolysis and fatty acid synthesis. Dicarboxylic acids in TCA cycle

(Succinate, Fumarate, and Malate) are included in Class 4, regulated by additional secretion

of insulin. These results indicate that the central carbon metabolism is divided into three

functionally different blocks by dose and time of insulin; upstream of glycolysis,

downstream of glycolysis and tricarboxylic acid in TCA cycle (Citrate), and dicarboxylic

acids in TCA cycle (Succinate, Fumarate, and Malate). These results indicate that the

pattern of insulin stimulation divides the central carbon metabolism into three functional

blocks: (i) a block with metabolites that are upstream of glycolysis, (ii) a block with

metabolites that are downstream of glycolysis and tricarboxylic acid in the TCA cycle, and

(iii) dicarboxylic acids in TCA cycle.
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For amino acid metabolism, most of the amino acids such as BCAAs are decreased in

response to insulin stimulation, and included in the class indicating high sensitivity and fast

response (Class 1), while a parts of the amino acids being proximal to central carbon

metabolism such as Ala, Ser, Arg are increased in response to insulin stimulation, and

included in the class indicating low sensitivity and slow response (Class 4) (Fig. 7a and 10b

right; Table S10). This result indicates that the pattern of insulin stimulation divides amino

acid metabolism into two functional blocks.

Thus, downstream effectors of insulin such as gene expression and metabolism can

selectively decode information of dose and time of insulin. According to the dose and time

of in vivo patterns of insulin secretion such as basal and additional secretions, | demonstrate

the selective regulation in the global trans-omic network by dose and time of insulin. |

extracted the molecules of the four classes of signaling molecules, the DEGs and the DCMs

from the trans-omic regulatory network, and reconstructed the selective regulatory network

according to sensitivities and time constants (Fig. 10c).
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4. Discussion

In this study, I demonstrated a global trans-omic network reconstructed by integrating

phosphoproteome, transcriptome, and metabolome data obtained from insulin-stimulated

rat hepatoma FAO cells. Some major components for a trans-omics network such as

expression proteome, protein-protein interactions (PPIs), fluxome, and epigenome are not

included in this study. These components will be included for more complete pictures of a

trans-omic network in the future study. Addition of expression proteome will provide

further information such as regulation of protein expression, stoichiometry of protein

phosphorylation, and comprehensive regulation of metabolic network. Correlation analysis

between expression proteome and transcriptome will provide information of selective

regulation of protein expression via transcription, translation, and protein degradation.

Expression proteome data together with phosphoproteome data enables us to quantify

stoichiometric changes of protein phosphorylation, and to clarify a comprehensive picture

of metabolic regulation by changes of amounts of enzymes in addition to phosphorylations

of enzymes and allosteric regulation by metabolites. Other modifications of proteome such

as oxidation and acetylation of proteins will also be incorporated. The phosphoproteome
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data with KEGG pathways were used for reconstruction of cellular functions,

transcriptional, and metabolism regulatory networks; however, PPIs can provide the other

regulations for these regulatory networks. Co-immunoprecipitation and proteomic

measurement will provide comprehensive information of PPIs with key molecules, which

will be included into a trans-omic network [27,28]. While The metabolome data, providing

instantaneous information on metabolite concentrations, were used for reconstruction of

metabolic regulation in this study, metabolism is a dynamic process, which is characterized

by fluxes [42,49,51,78]. Addition of fluxome data will provide information of dynamics

process of metabolism. Regulation of gene expression depends not only in transcriptional

regulation by TFs, but also on epigenomic regulation such as DNA methylation and histone

modifications [79-81], which will provide information of comprehensive picture of a gene

expression regulatory network.

I also revealed the selectivity of the molecules in the trans-omic regulatory network by

dose and time of insulin according to the ECso and Ti2 values. To avoid assumption of

specific models, the ECso and the Tiz values were calculated based on linearly

complemented measurement data in this study. Therefore, the distributions of the ECso

and the Ti2 values might be biased depending on the measured time points and doses of
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insulin.  Future developments of systematic understanding of the regulation of the

molecules enable us to estimate sensitivities and time constants more properly. The ECso

and T2 values were calculated based on the western blotting, the transcriptome, and the

metabolome data. The phosphoproteome data used in this study was obtained from Fao

cells stimulated with single dose (1 nM) of insulin by using non-targeted proteomic

measurement [32]. Therefore, it was difficult to calculate the ECso and the T2 values of

phosphorylations of molecules in the trans-omic regulatory network based on the

phosphoproteome data, it is based on the western blotting data instead. Targeted-proteomic

measurement such as multiple reaction monitoring (MRM) developed recently will provide

further information for more comprehensive analysis.

| propose that the methods of reconstruction of a global regulatory trans-omic network

and identification of the selectivity of the molecules in the trans-omic regulatory network

Comparing sensitivities and time constants of molecules in a trans-omic network with in

vivo doses and temporal patterns of extracellular stimuli and hormones enable us to

estimate selectively of specific pathways and molecules in a trans-omic network

depending on doses and temporal patterns of extracellular cytokines or hormones.
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5. Experimental Procedures

Identification of differentially phosphorylated proteins

The phosphoproteome data acquired in time series (0, 2, 5, 15, 30, 45, and 60 min) after
stimulation with 1 nM insulin [32], was obtained from JPOST (S0000000476). Since the
phosphoproteome data consists of two time series of datasets (0, 5, 10, and 45 min and 2,
10, 30, and 60 min), some of the phosphopeptides were identified and quantified in only a
time series of a dataset. Therefore a fold change of phosphorylation intensity was calculated
as a ratio of the phosphorylation intensity at each time point to the phosphorylation
intensity at t = 0 or 2 min. A phosphopeptide exhibiting phosphorylation intensity greater
than 1.5-fold increase or less than a 0.67-fold decrease at one or more time points by insulin
stimulation was determined as an IRpP. A proteins including at least one IRpP was defined

as a differentially phosphorylated proteins.

Identification of signaling layer
The pathways including the character string of “signaling pathway” in their names were
extracted from the KEGG database [82,83]. These pathways are defined as signaling

pathways in this study. Over-representation of the differentially phosphorylated proteins in
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the signaling pathways were determined by using Fisher’s exact test [84] with FDR using

Storey’s procedure [85], and identified the signaling pathways indicating significant

over-representation (FDR < 0.1). Since the molecules included in the signaling pathways

are not mutually exclusive, | integrated these signaling pathways in which the differentially

phosphorylated proteins were significantly over-represented into a single network. The

molecules, expression of mMRNA of which were determined not to express based on the

transcriptome data from rat hepatoma Fao cells [38], and those not locating in the

downstream of InsR were removed from the network.

Identification of cellular functional pathways responsive to insulin stimulation

| extracted the rat pathways from KEGG database except for the defined signaling

pathways (43 pathways), the global pathways (rno01XXX) including Metabolic pathways

(rno01100) (9 pathways), the disease related pathways (rno05XXX) (63 pathways), the

pathways that work in specific tissues other than liver (52 pathways) (Table S2), and the

pathways including the character string of “diabetes”, “NAFLD”, or “Insulin resistance” in

their names (8 pathways). These pathways are defined as cellular functional pathways in

this study. The global pathways and disease-related pathways were excluded from the
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cellular functional pathways because of redundancy with other cellular functional pathways

as subsets. The pathways that work in specific tissues other than liver were excluded from

the cellular functional pathways because the Fao cells used in this study were established

from rat hepatoma. Over-representation of the differentially phosphorylated proteins in the

cellular functional pathways were determined by using Fisher’s exact test [84] with FDR

using Storey’s procedure [85], and identified the cellular functional pathways indicating

significant over-representation (FDR < 0.1). Among the cellular functional pathways, those

in which the differentially phosphorylated proteins were significantly over-represented

were defined as a cellular functional layer.

Estimation of RPKs

The KSRs for the amino acid sequences of the proteins including the IRpPs were estimated

by using NetPhorest (http://netphorest.info/download/netphorest_human.tsv.xz) [63,64].

Amino acid sequences of rat protein associated with IPI [86] in FASTA format

(ftp://ftp.ebi.ac.uk/pub/databases/IPl/current/ipi.RAT .fasta.gz) were used as the inputs for

NetPhorest. NetPhorest outputs posterior probabilities that a particular protein kinase

classifier recognizes an amino acid residue. Among the candidate classifiers, a classifier
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indicating the largest posterior probability value was identified as the kinase classifier

recognizing the amino acid sequence. Kinases in each classifier were identified from the

website of NetPhorest (view-source:http://netphorest.info/download.shtml) (Table S3), and

those included in the classifier indicating the largest posterior probability value were

identified as RPKs.

Calculating the Occurrence Rates of RPKs in each pathways

The occurrence rate of a specific kinase classifier (i) in a specific pathway (j) was

calculated as the ratio of the number of IRpPs estimated as a target of the kinase classifier i

to the number of those included in the pathways j. The sum of occurrence rates of the

kinase classifiers in pathway j is 1.

Clustering the Cellular functional Pathways and Metabolic Enzymes

The pathways included in the cellular functional layer and the metabolic enzymes were

hierarchically clustered by using the occurrence rate of the estimated RPKs. The

hierarchical clustering was performed using the Euclidean distance for calculation of the

intracluster distances and using Ward’s method [87] for calculation of the intercluster

distances.
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Generation of motif logos

The amino acid sequences provided as from -5 to +5 residues from the phosphorylated

residues in the IRpPs included in each pathways in the cellular functional layer were

extracted. Similarly, the amino acid sequences in the IRpPs included in the metabolic

enzymes identified from KEGG database were also extracted. Motif logos of the amino

acid sequences in each pathways and the metabolic enzymes were generated using

enoLOGOS (http://biodev.hgen.pitt.edu/enologos/) [65] with relative entropy as logo plot

methods. Statistical tests of amino acid compositions at each position in the amino acid

sequences in each pathways and the metabolic enzymes were performed using iceLogo

(http://iomics.ugent.be/icelogoserver/index.html) [66] with percentage difference as scoring

system and p value cut-off of 0.05. The Rattus norvegicus amino acid compositions from

Swiss-Prot and IRpPs included in cellular functions and metabolic enzymes were used as

references compositions for the statistic tests of cellular functional pathways and metabolic

enzymes, and each cluster, respectively.
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Identification of up-regulated and down-regulated DEGs

The transcriptome data acquired in time series (0, 15, 30, 60, 90, 120, and 240 min) after

stimulation with multiple dose of insulin (0.01, 1, 100 nM) [38], was obtained from DDBJ

(DRA004341). In the previous study, Sano et al. aligned each sequence read to the rat

Rnor_5.0 genome using TopHat2 version 2.0.7 [88,89]. Read counts for the genes were

annotated in rat Rnor_5.0, and the differentially expressed transcripts were determined

using Cuffdiff [38,88,90]. Among all genes corresponding to the differentially expressed

transcripts, the genes whose fragments per kilobase of transcript per million mapped reads

(FPKM) were obtained at all time points were defined as the DEGs in this study.

The fold changes of FPKMs against those at 0 min were calculated for each DEG. The

logarithms of fold changes (log2FC) were calculated to make the range of up-regulation and

down-regulation comparable. The log2FC were normalized between 0 and 1 to exclude the

influence of constitutive expression. Pt value were defined as an index of expression

variation; sum of absolute values of differences between the slopes between at specific time

points and at earlier or later time points, in response to 0.01 nM and 100 nM insulin

stimulation (Fig. 5a). The smaller Pt value indicates that the time series of gene expression

is smoother. AUC_ratio was defined as an index of response; the ratio of AUC in response
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to 100 nM and that in response to 0.01 nM insulin (Fig. 5a). The larger the absolute value
of AUC ratio indicates that the response to insulin is larger. Here, DEGs whose Pt value
was larger than 0.2 were excluded because of low quality of quantification. Among the
DEGs whose Pt values were less than 0.2, those with the AUC_ratios of more than 2°°
were defined as up-regulated DEGs, and those with the AUC ratios of less than 2°9°

were defined as down-regulated DEGs.

Estimation of sensitivities (ECso) and time constant (T12)

ECso was defined as the dose of insulin that gives the 50% of the maximal AUC of the time
series of log2FC (Fig. 5¢). Since the time when the response reaches the peak in response to
insulin are different for individual molecules, the ECso values were calculated based on
AUC. T12 was defined as the time when the response reached 50% of the peak amplitude in
the time series of log2FC against 100 nM insulin stimulation (Fig. 5¢). The distributions of
ECso and Ti2 between the up-regulated and down-regulated DEGs, or between the
increased and decreased DCMs were compared using Wilcoxon rank sum test [91,92] with

multiple correction using Bonferroni correction [93].
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Classification of the molecules in the trans-omic regulatory network

To characterize the molecules in the trans-omic regulatory network by the calculated

sensitivities and time constants in response to insulin stimulation, those were classified by

using the ECso and the T2 values. The thresholds dividing the ECso values into high or low

sensitivity in, and the T2 values into fast or slow responses, were determined using Otsu

method [94]. The thresholds in the DEGs and the DCMs were determined based on the

transcriptome and the metabolome data, respectively, and those in the signaling molecules

were determined based on the western blotting data. The signaling molecules, the DEGs,

and the DCMs were classified into four classes according to the thresholds (61 for ECso, and

02 for Taz): Class 1, high sensitivity (ECso < 61) and fast response (T2 < 62) and; Class 2,

high sensitivity and slow response (T2 > 62); Class 3, low sensitivity (ECso > 61) and fast

response, and Class 4, low sensitivity and slow response.

Estimation of TFs regulating each class of DEGs

The flanking regions around the major TSS of each DEG were identified from Rnor_5.0

(Ensembl, release 73) obtained from Ensembl BioMart [95]. The genomic region from -300

bp to +100 bp of the major TSSs were considered as the flanking regions, according to the
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FANTOMS time course analysis [96]. Using TRNASFAC Pro [67], that is a TF database,

and Match [68], that is a TFBMs estimation tool, the TFBMs that can bind to each flanking

region were estimated. The extended vertebrate_non_redundant_min_SUM.prf, one of the

parameter set prepared in TRANSFAC Pro, was used for the threshold of similarity score

calculated by Match. Since some of the TFs known to be regulated by insulin including

FOXO1 are not included in this parameter set, the TFBMs not included in

vertebrate_non_redundant_min_SUM.prf and related to TFs included in KEGG insulin

signaling pathway (rno4910), were extracted from vertebrate _non_redundant.prf, and

appended these TFBMs and their parameters to vertebrate_non_redundant_min_SUM.prf.

The binding sites within each flanking region were estimated using Match with the

extended vertebrate_non_redundant_min_SUM.prf. With the estimated TFBMs for each

flanking regions related to the DEGs, the TFs regulating the DEGs included in each class

were determined. The enrichment of TFBM binding sites in the flanking regions of DEGs

in each class were determined using Fisher’s exact test [84] with FDR using Storey’s

procedure [85]. The TFs related to significantly enriched TFBMs (FDR < 0.1) were

identified as the TFs regulating DEGs included in each class. The TFs related to

significantly enriched TFBMs were identified as the TFs regulating DEGs in each class.
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Identification of regulators of TFs

IDs of TFBMs and TFs are provided in accession numbers defined within TRANSFAC
database. The accession numbers of significantly enriched TFBMs were associated with
those of TFs using the correspondence obtained from matrix.dat in TRANSFAC Pro. The
accession numbers of TFs provided in TRANSFAC Pro are associated with the gene IDs of
DATF, EMBL, FLYBASE, MIRBASE, PATHODB, PDB, SMARTDB, SWISSPROT,
TRANSCOMPEL, or TRANSPATH. To identify regulators of the TFs, the gene IDs of
EMBL, PDB, or SWISSPROT associated with the accession numbers of human, mouse,
and rat TF were converted to KEGG gene IDs using bioDBnet
(https://biodbnet-abce.nciferf.gov/) [97]. The upstream molecules of the TFs were
obtained from the pathway information of KEGG manually, and except for those in the

diseases related pathways (rno05XXX) were defined as regulators (Table S8).

Sample preparation for metabolome and western blotting analysis
Rat hepatoma FAO cells were seeded at a density of 3 x 10° cells per dish on 6-cm dishes
(Corning) or 1.3 x 106 cells per well on six-well plates (Iwaki) and cultured in RPMI 1640

supplemented with 10% (v/v) fetal bovine serum at 37°C under 5% CO:2 for 2 days before
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deprivation of serum (starvation). The cells were washed twice with phosphate-buffered

saline (PBS) and starved in serum-free medium including 0.01 nM insulin (Sigma-Aldrich)

and 10 nM dexamethasone (Wako), which increases the expression of gluconeogenesis

genes such as G6pase and Pckl for 16 hours [98]. Hatano continuously added 0.01 nM

insulin before the stimulation, and 0.01 nM insulin was present throughout the experiments

unless otherwise specified to mimic the in vivo constitutive secretion during fasting [57].

The medium was changed at 4 and 2 hours before the stimulation. Cells were stimulated

with the indicated doses of insulin by adding 100-fold concentrated stock of insulin

solution.

Metabolome analysis

For metabolomics analyses, the cells were washed with 4 mL ice-cold 5% mannitol twice

and extracted metabolites with 1 mL of ice-cold methanol including reference compounds

(25 uM L-methionine sulfone (Wako), 2-Morpholinoethanesulfonic acid, monohydrate

(Dojindo), and D-Camphor-10-sulfonic acid (Wako)) for normalization of peak intensities

of mass spectrometry among samples at the indicated times after insulin stimulation. 400

uL of resulting supernatant was sequentially mixed with 200 uL of water and 400 uL of
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chloroform, and then centrifuged at 12,000 x g for 15 min at 4°C. The separated aqueous

layer was filtered through a 5 kDa cutoff filter (Millipore) to remove proteins. 320 uL of

the filtrate was lyophilized and dissolved in 50 uL water including reference compounds

(200 uM each of trimesate (Wako) and 3-aminopyrrolidine (Sigma-Aldrich)) for migration

time and then injected into the capillary electrophoresis time-of-flight mass spectrometry

(CE-TOFMS) system (Agilent Technologies) [49,99,100].

Identification of DCMs

DCMs were identified based on three-way analysis of variance (ANOVA) by comparing

three factors: temporal changes of metabolites against the value at 0 min; dose responses in

response to 0.01 and 100 nM insulin stimulation at each time points; and the data set

measured in different days (n=3). To make the ranges of increase and decrease of the

DCMs comparable, log2FC of abundance of metabolites against the mean abundance at 0

min was calculated for each metabolite. The three-way ANOVA was performed with insulin

doses (0.01 and 100 nM), time points after insulin stimulation (0, 5, 15, 30, 60, 90, 120, and

240 min), and data sets using the logarithmic values of fold changes. The p values against

insulin doses were calculated and FDR of each metabolite were calculated by using
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Storey’s procedures [85]. The A value to calculate FDR was set to 0.8 with reference to the
distribution of p values. The metabolites showing significance (FDR < 0.1) were defined as

DCMs.

Definition of increased and decreased DCMs

Increased and decreased DCMs were defined using the same procedure as identification of
the up-regulated and down-regulated DEGs. For each DCM, the fold change of abundance
of metabolites at each time point to the mean abundance at 0 min was calculated. To make
the ranges of increase and decrease of the DCMs comparable, log2FCs of abundance of
metabolites against the mean abundance at 0 min was calculated for each metabolite, and
normalized between 0 and 1. The AUC_ratios, which is the ratio of AUC with 100 nM
insulin to AUC with 0.01 nM stimulation, were calculated based on the log2FCs. The
metabolites with the AUC_ratios of more than 2°° were defined as increased, and those

with the AUC_ratios of less than 2° were defined as decreased DCMs.

Identification of RMEs
The enzymatic reactions involved to the identified DCMs were comprehensively searched

based on the data downloaded from the KEGG database. The DCMs except hub
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metabolites, determined according to previous studies of network topology [101], were

regarded as targets of RMEs. All of the enzymes with substrates or products that include at

least one DCM except the hub metabolites were identified, and defined as RMEs.

Identification of allosteric regulation

The entries for the RMEs related to allosteric regulation were obtained from the BRENDA

database (http://www.brenda-enzymes.org) [71], a literature-based database providing

information regarding allosteric effectors and their target enzymes from. Allosteric effector

(activator and inhibitor) of the RMEs provided in BRENDA database were identified, as

reported for mammals (Bos Taurus, Felis catus, Homo sapiens, “Macaca”, “Mammalia”,

“Monkey”, Mus booduga, Mus musculus, Rattus norvegicus, Rattus rattus, Rattus sp., Sus

scrofa, “dolphin”, and “hamster”). The standard compound names of allosteric effectors

used in BRENDA were associated with metabolite names that were used in KEGG to

obtain the KEGG compound ID related to each allosteric effector. Finally, the allosteric

effectors, related to the RMEs, included in the DCMs were extracted.
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Western blotting

For western blotting, the same insulin-stimulated cells as those used for metabolome
analysis were washed with ice-cold PBS and extracted proteins with 50 mM Tris-Cl pH 8.8
including 1% SDS at the indicated times after insulin stimulation. The lysates were
sonicated and centrifuged at 12,000 x g at 4 °C for 15 min to remove debris. The resulting
supernatants were subjected to measurement by western blotting. The antibodies used for

the western blotting analysis were represented in Table 5.
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Fig. 1 | Summary of reconstruction of trans-omic regulatory network.

The trans-omic regulatory network was reconstructed by integrating the networks based on
phosphoproteome, transcriptome, and metabolome data consisting of the Steps | to VI.
Selectivity of the molecules in the trans-omic regulatory network were estimated according
to their ECso and Ti2 values calculated based on the western blotting, transcriptome, and

metabolome data.
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Fig. 2 | Identification of signaling layer.

(a) Distribution of detected phosphorylated amino acid residues in the phosphoproteome

data, and that of numbers of phosphorylated sites per peptide. Numbers and parentheses

indicate the number of amino acid residues or phosphopeptides and percentage relative to

the total amino acid residues or phosphopeptides, respectively. (b) Numbers of

differentially phosphorylated proteins in the signaling pathways. The light gray and dark

gray bars indicate the total numbers of proteins and differentially phosphorylated proteins

included in each signaling pathway, respectively. (c) Identified signaling layer. Red, blue

and green nodes indicate proteins with all of the significantly changed phosphorylated sites

exhibiting an increase (> 1.5-fold) or a decrease (< 0.67-fold) or both, respectively. Gray

and white nodes indicate proteins with unchanged phosphorylation and with no

phosphorylation detected, respectively. Size of a node indicates number of its interactions

with other molecules. Orange edges indicate phosphorylation. (d) Numbers of differentially

phosphorylated proteins in the cellular functional pathways. The light gray and dark gray

bars indicate the total numbers of proteins and differentially phosphorylated proteins

included in each cellular functional pathway, respectively.
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Fig. 3 | Estimation of KSRs for the IRpPs in cellular functional layer.

(@) Clustering analysis of cellular functional pathways and metabolic enzymes. The

pathways and metabolic enzymes were hierarchically clustered by the -calculated

occurrence ratios against the kinase classifier. The deeper red indicates higher occurrence

ratio. (b) Amino acid motifs logo indicating frequency of the amino acid residues at each

position. The logos were generated for the amino acid sequences of IRpPs in each pathways

and metabolic enzymes. The height of each letter at each position is scaled relative to the

information content, reflecting the frequency of the corresponding amino acid. Blue and red

pathway names correspond to those in cluster 1 and 2, respectively. The number in

parentheses attached to each pathway name represents the number of IRpPs included in the

pathway. (c) Amino acid motifs logo indicating statistical representation of the amino acid

residues at each position. The logos were generated for the IRpPs included in cellular

functional layer and metabolic enzymes (left), cluster 1 (middle), and cluster 2 (right). The

characters above and below each horizontal line indicate amino acids showing significant

over-representations and under-representations (p < 0.05), respectively. The height of the

letter representing an amino acid at each position reflects the difference in the frequency of

its occurrence in the sets of reference and phosphopeptides.
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Fig. 4 | Reconstructed cellular functional regulatory network.

The Cellular functions regulatory network was reconstructed based on the
phosphoproteome data. The arrows (from the top to the bottom layer) indicate
phosphorylations of the IRpPs by the RPKs. The colors of the pathway frames and

pathways names correspond to the cluster defined in Fig. 3a.
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Fig. 5 | Classification of the DEGs.

(@) Definition of Pt value (left) and AUC _ratio (right), as indices of expression variation
and response, respectively. (b) Definition of the up-regulated and down-regulated DEGs.
(c) Definition of ECso (left) and Tu2 (right), as indices of sensitivity to insulin doses and
time constant, respectively. (d) Distribution of ECso (left) and Tu2 (right) values calculated
for up-regulated (red) and down-regulated DEGs (blue). Gray bars indicate the sum of the
frequency of up-regulated and down-regulated DEGs. The dashed lines indicate the
thresholds dividing large and small values. (e) Time courses of DEGs in each class. Dashed
lines and bold lines indicate the time series of each DEG and centroids of DEGs included in
each class, respectively. Blue, green, and red lines indicate responses to 0.01, 1, and 100

nM insulin, respectively.
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Fig. 6 | Reconstructed transcriptional regulatory network.

(a) Sets of dots and circles indicate the classes of the DEGs, and the estimated TFs for the
classes, respectively. Gray arrows indicate transcriptional regulation by each TF. Red
dashed arrows indicate expression of the TF genes included in each DEG class. The colors
of the TFs indicate the classes of the TFs classified in Fig. 10b: blue, high sensitivity and
fast response (Class 1); magenta, low sensitivity and slow response (Class 4); and pale
orange: unmeasured by the western blotting. (b) Reconstructed transcriptional regulatory
network. The arrows from the top to the middle layer indicate regulations of the TFs by
their regulators. The arrows from the middle to the bottom layer indicate transcription of
the DEGs. The arrows from the bottom to the middle layer indicate expression of the TF

genes.
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Fig. 7 | Classification of the DCMs and identification of RMEs.

(@) DCMs projected on the KEGG metabolic pathways (rno01100). Arrows indicate

whether an DCM increased or decreased. The colors of the box outlines indicate the classes

of the DCMs classified in Fig. 10b: blue, high sensitivity and fast response (Class 1); Cyan,

high sensitivity and slow response (Class 2); red, low sensitivity and fast response (Class

3); and magenta, low sensitivity and slow response (Class4). (b) Metabolites in the central

carbon metabolism. The colors of the box outlines indicate whether an DCM increased or

decreased: red, increased DCMs; blue, decreased DCMs; black, the metabolites that did not

show significant change against insulin doses; and gray, the metabolites including

unmeasured points at one and more time points (c) Comparison of DCMs, RMEs, and

phosphorylated RMEs identified in this study (red) and those in the previous study [32]

(blue). (d) Substrates and products of the RMEs. A dot indicates that the DCM (x-axis) is

substrate or a product for a RME (y-axis). (D) Allosteric regulation of the RMEs by the

DCMs that function as positive (activation) or negative (inhibition) allosteric effectors. A

dot indicates that the DCM (x-axis) is an allosteric effector for a RME (y-axis).

71



Metabolism Regulatory Network Insulin
3

Erk —_ < . ;
18 RPKs Pka - Signaling layer

Pkc > < (Fig. 2¢)
1 19 KSRs ;

10 differentially : ;
phosphorylated RMEs , o : 2 Metabolic

Enzymes

283 RMEs e
381
allosteric regulation
ymatic
egulation

Metabolites
93 DCMs

72



Fig. 8 | Reconstructed metabolism regulatory network.

Reconstructed metabolism regulatory network. The arrows from the top to the middle layer
indicate phosphorylations of the RMEs by their RPKs. The arrows from the middle to the
bottom layer indicate enzymatic regulations of the DCMs by their RMESs. The arrows from
the bottom to the middle layer indicate allosteric regulation of the RMEs by their allosteric

effectors included in DCMs: red, activation; blue, inhibition.
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Fig. 9 | Reconstruction of trans-omic regulatory network.
Trans-omic regulatory network was reconstructed by integration of the cellular functions
regulatory network (Fig. 4, Step 1), the transcriptional regulatory network (Fig. 6b, Step 1),

and the metabolism regulatory network (Fig. 8, Step IlI).
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Fig. 10 | Selectivity of the molecules in the trans-omic regulatory network.

(@) Temporal secretion patterns of insulin in vivo [57], and scheme of selectivity of each

molecule with insulin temporal patterns. The molecules indicating high sensitivities (blue

in right panel) mainly response to basal secretion of insulin under sub nM, while those

indicating low sensitivities (red in right panel) distinguish basal and additional secretion of

insulin. (b) The distributions of the ECso and the Ti2 values of the signaling molecules

(left), the DEGs (middle), and the DCMs (right). Red, blue, and green dots in the signaling

molecules indicate signaling factors, TFs, and protein synthesis related factors, respectively.

Red and blue dots in the DEGs indicate up-regulated and down-regulated DEGs,

respectively. Red and blue dots in the DCMs indicate increased and decreased DCMs,

respectively. The dotted lines indicate the thresholds of ECso and T12 values dividing large

and small. (c) Selectivity of the molecules in each classes, and reconstructed selective

regulatory network. The molecules indicating high sensitivity (Class 1 and 2) are

responsive to basal secretion of insulin (blue and cyan), and those indicating low sensitivity

(Class 3 and 4) are responsive to additional secretion (red and magenta). The selectivity of

the measured molecules are reflected in the trans-omic regulatory network reconstructed in

Fig. 9 as selective regulatory network.
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Fig. 11 | Time courses of the signaling molecules monitored by western blotting.

(@) Time courses of the indicated molecules by the indicated doses of insulin were plotted
from data obtained by western blotting. The means and standard error of the means (SEMs)
of three independent experiments are shown. Lowercase ‘p’ preceding the name of a
protein indicates the detection of the phosphorylated from of the protein. Numbers and
letters in parentheses represent the phosphorylated amino acid residue. Numbering
according to human. (B) All images of western blotting were shown. IS indicates internal

standard.
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7. Tables

Table 1 | Signaling pathways in which the differentially phosphorylated proteins were
significantly over-represented.

KEGG pathway Pathway name Raw p value FDR

path:rno04910 Insulin signaling pathway 3.23x10°  241x107
path:rno04012 ErbB signaling pathway 1.66x 107  8.29x10°
path:rno04150 mTOR signaling pathway 408x10%  1.22x10*
path:rno04919 Thyroid hormone signaling pathway 6.02x10°%  1.50x10*
path:rno04922 Glucagon signaling pathway 7.31x10°  1.16x10%
path:rno04152 AMPK signaling pathway 7.77 x 10° 1.16 x 10°®
path:rno04370 VEGEF signaling pathway 2.30 x 10 2.87x103
path:rno04921 Oxytocin signaling pathway 2.94x10*  3.38x103
path:rno04915 Estrogen signaling pathway 3.44x10%  3.67x10°
path:ro04066 HIF-1 signaling pathway 5.60x10%  4.92x10°
path:rno04010 MAPK signaling pathway 1.05x10°  8.69x103
path:rno04722 Neurotrophin signaling pathway 3.17x10%  2.49x10?
path:rno04022 cGMP-PKG signaling pathway 430x10°  3.15x10?
path:rno04912 GnRH signaling pathway 1.30x 102  7.78x 1072
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Table 2 | Cellular functional pathways in which the differentially phosphorylated
proteins were significantly over-represented.

KEGG pathway Pathway name Raw p value FDR
path:rno04530 Tight junction 2.12x10°%  2.41x107
path:rno03040 Spliceosome 7.64x107  2.85x10°
path:rno04211 Longevity regulating pathway 7.61x10° 1.16 x 1073
path:rno03013 RNA transport 717x10°  1.16x 103
path:rno04213 Longevity re_gmaﬂng,pathway 1.30x10*  1.77x 1073

- multiple species
path:rno04520 Adherens junction 545x10*  4.92x103
path:rno04510 Focal adhesion 5.07x10*  4.92x10%
path:rno04210 Apoptosis 443x10°  3.15x10?
path:rno04070 Phosphatidylinositol signaling system 6.94 x 103 4,72 x 102
path:rno04540 Gap junction 8.20x10°  5.33x1072
path:rno04810 Regulation of actin cytoskeleton 1.19 x 102 7.40 x 107
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Table 3 | Averages and Medians of ECso and Ty2 values in DEGs

. Adjusted
Average Median p value
p value
Up-regulated 1.55 2.19
EC
|\;0 9.64 x 1075 3.86 x 104
(M) Down-regulated 0.25 0.16
T Up-regulated 67.56 50.15
1/2 . i
_ 9.82x10° 3.93x10*
(min) Down-regulated 86.86 58.51
Table 4 | Averages and Medians of ECso and T12 values in DCMs
) Adjusted
Average Median p value
p value
ECso Increased 4.90 6.61
1.34x 10 536 x 1010
("M) Decreased 1.29 1.23
T Increased 56.14 67.93
12 -3 -3
: 1.90 x 10 7.60 x 10
(min) Decreased 17.97 10.93
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Table 5 | Antibodies used in the western blotting analysis

Antibodies Source Identifier
Anti-plrs Tyr612 Abcam Cat#ab66153; RRID:AB_1140753
Anti-plrs Tyr632 Santa Cruz Cat#SC17196; RRID:AB_669445
Anti-pAkt Ser473 CST Cat#4060; RRID:AB_2315049
Anti-pAkt Thr308 CST Cat#9275; RRID:AB_329828
Anti-pS6k Thr389 CST Cat#9205; RRID:AB_330944
Anti-pGsk3f Ser9 CST Cat#9336; RRID:AB_331405
Anti-pErk1/2 Thr202/Tyr204 CST Cat#9101; RRID:AB_331646
Anti-pp38 Thr180/Tyr182 CST Cat#9211; RRID:AB_331641
Anti-pSapk/Jnk Thr183/Tyr185 CST Cat#4668; RRID:AB_2307320
Anti-pAmpka Thr172 CST Cat#2531; RRID:AB_330330
Anti-pTsc2 Thr1462 CST Cat#3617; RRID:AB_490956
Anti-pFoxol Ser256 CST Cat#9461; RRID:AB_329831
Anti-pCreb Ser133 CST Cat#9191; RRID:AB_331606
Anti-pAtf2 Thr71 CST Cat#9221; RRID:AB_2561045
Anti-pc-Jun Ser73 CST Cat#3270; RRID:AB_2129572
Anti-Egrl CST Cat#4154; RRID:AB_2097035
Anti-c-Jun CST Cat#9165; RRID:AB_2130165
Anti-HES1 CST Cat#11988
Anti-pS6 Ser235/236 CST Cat#2211; RRID:AB_331679
Anti-p4elf4ebpl Ser65 CST Cat#9451; RRID:AB_330947
Anti-pelf4db Ser422 CST Cat#3591; RRID:AB_10080112

Anti-Rabbit I1gG,
Peroxidase-conjugated
Anti-Mouse 1gG,
Peroxidase-conjugated
Anti-Goat I1gG,
Peroxidase-conjugated

GE Healthcare Cat#NA9340V; RRID:AB_772206

GE Healthcare Cat#NXA931; RRID:AB_772209

Sigma-Aldrich Cat#A-5420; RRID:AB_258242




8. Supplemental Tables

All of the Supplemental tables in *.xIsx format is also downloadable from our website
(http://kurodalab.bs.s.u-tokyo.ac.jp/Doctoral/Kawata/). These *.xIsx files can be opened

with Microsoft Excel.

Table S1 | Pathway over-representation analysis.

Table S2 | The pathways that work in specific tissues other than liver.

Table S3 | List of the kinases in the kinase classifiers defined in NetPhorest.
Table S4 | Prediction of responsible protein kinases.

Table S5 | Occurrence rates of kinase classifiers in each pathway.

Table S6 | Classification of DEGs according to ECso and Ty, values.

Table S7 | Prediction of TFs for each class of DEGs.

Table S8 | Regulators of the TFs estimated for the DEGs identified from KEGG.
Table S9 | Time series of metabolome data in response to insulin stimulation.
Table S10 | Classification of DCMs according to ECso and Ty2 values.

Table S11 | Identification of RMEs regulating the DCMs.

Table S12 | Identification of allosteric regulators of the RMEs.

Table S13 | Classification of signaling molecules according to ECsg and Ty/2 values.
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