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Abstract
Insulin and glucagon control plasma macronutrient homeostasis through their signalling
network composed of multiple feedback and crosstalk mechanisms. To understand how these
interactions contribute to metabolic homeostasis and disease states, we analysed the steady
state response of metabolic regulation (catabolic or anabolic) with respect to structural and
input perturbations in the integrated signalling network, for varying levels of plasma glucose.
Structural perturbations revealed: the positive feedback of AKT on IRS is responsible for the
bistability in anabolic zone (glucose >5.5 mmol); the positive feedback of calcium on cAMP
is responsible for ensuring ultrasensitive response in catabolic zone (glucose <4.5 mmol); the
crosstalk between AKT and PDE3 is responsible for efficient catabolic response under low
glucose condition; the crosstalk between DAG and PKC regulates the span of anabolic bistable
region with respect to plasma glucose levels. The macronutrient perturbations revealed:
varying plasma amino acids and fatty acids from normal to high levels gradually shifted the
bistable response towards higher glucose range eventually making the response catabolic or
unresponsive to increasing glucose levels. The analysis reveals that certain macronutrient
composition may be more conducive to homeostasis than others. The network perturbations
that may contribute to disease states such as diabetes, obesity and cancer are discussed.
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Introduction
Living systems deploy bio-molecular networks comprising of multiple feedback loops to
facilitate an optimal response to an environmental stimulus. The network structure and its
kinetics define steady state and dynamical properties of the output response1. One such
property is homeostasis, wherein the levels of physiological variables are held in a narrow
range despite any external perturbation to the system2. One of the optimal strategy to obtain
homeostasis is to have bistable control in the regulatory circuit 3. Bistability is a property in
which the threshold for activation and deactivation of the response differs (hysteresis) leading
to two stable states for a given stimulus, depending upon the history of the stimulus 4. Several
biological systems exhibit bistability such as cell cycle 5, MAPK cascade and JNK signalling
6,7

, immune response 8, insulin signalling pathway 9 and neurological states10. Bistable circuits

are known to impart switch like response, robustness to noise, memory of the stimulus, and
irreversibility in response11-13. Disturbances in the operation of bistable response is implicated
in dysregulation of homeostasis and subsequent disease states such as diabetes, obesity and
cancer

14,15

. Bistability with respect to PKC response in insulin signalling network could

explain selective hepatic insulin resistance

16

. Bistability in AKT response with respect to

insulin levels is also reported through simulations of insulin/AKT and MAPK/ERK signalling
pathways14,17,18. Furthermore, for the physiological range of plasma glucose levels, the flux
through glycolysis exhibits multiple steady state responses in HeLa cells

19

indicating the

interplay between the regulatory feedback loops and their effector hormonal signals. It is
known that these pathways are regulated by insulin and glucagon, motivating further analysis
on underlying complexity of hormonal regulation of metabolism 20. Therefore, in this study we
focus on analysing the effects of perturbations in the network structure and multiple-input
stimulus on the response of insulin-glucagon signalling network and its relation to metabolic
homeostasis and disease states.
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While insulin is an anabolic hormone, glucagon is a catabolic hormone. Both modulate each
other to maintain the level of key metabolites like glucose, fatty acids and amino acids in
plasma 21,22 under different physiological conditions (resting, postprandial and exercise). These
hormones act antagonistically towards each other at the stages of their secretion and signalling
(See supplementary file Appendix I). Insulin not only stimulates glucose uptake and lipid
synthesis but also inhibits lipolysis, proteolysis, glycogenolysis, gluconeogenesis and
ketogenesis in tissues like liver, muscle & adipose23,24. Glucagon, on the other hand, mediates
catabolic pathways and renders elevation in levels of plasma metabolites like fatty acid, glucose
and amino acids in order to supply body's physiological needs

25

under relevant conditions.

Further, plasma macronutrient are known to regulate the secretion and signalling of insulin and
glucagon. Glucose is known to induce insulin secretion and inhibit glucagon secretion

26,27

.

Amino acids induce both insulin and glucagon secretion in a threshold dependent manner28,29.
While amino acids activate insulin signalling through AKTp 30, it inhibits IRS through S6kp
activation

31

. Fatty acids can induce insulin secretion and inhibit insulin signalling at higher

plasma levels32,33. These varied interaction of the macronutrients with the hormonal regulatory
mechanisms results in a highly nonlinear regulatory response for different combinations of
these macronutrients in the plasma. Therefore, it is interesting to study how the bistability in
the insulin-glucagon network and resultant metabolic state varies with different macronutrient
compositions.
Several mathematical model of insulin signalling pathways have already been documented3436

. Moreover, subsystem models of insulin receptor binding, receptor recycling & GLUT4

translocation leading to glucose uptake is also included in the overall insulin signalling model
37

. Mathematical models explaining signal transduction by G protein and downstream calcium

signalling have been proposed in literature38-40. These models explain the dynamics of G-
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protein activation and receptor desensitisation based on ligand binding and subsequent events
involving calcium and PLC41-43. Although several models differently look at insulin and
glucagon signalling and its regulation of metabolism, there is scarcity of models that consider
the mutually antagonistic effect of insulin and glucagon signalling and the effect of
macronutrients on the interplay of these pathways. Therefore, we have developed and analyzed
an integrated model of insulin-glucagon signalling to obtain insights on the metabolic response
with respect to different levels of glucose, amino-acid and fatty acid in the plasma (see Figure
1). In the current study, we analyse the effect of varying levels of plasma macronutrients and
knock-out of feedback loops and crosstalk mechanisms on phosphorylation state elicited by the
integrated network. We also report the bistable response in the network over certain range of
physiological conditions and its disruption indicating disease state.

Results
The mathematical model for insulin-glucagon integrated network was simulated to obtain the
steady state profiles of activated AKT, PKA and the phosphorylation state (Ps) for various
levels of plasma glucose concentration. The steady state profiles were obtained for both
switching ON (i.e., increasing glucose levels) and switching OFF (i.e., decreasing glucose
levels). The phosphorylated AKT (AKTp) profile show a typical bi-stable response, with the
activation of AKTp occurring at 1.6 fold of physiological glucose levels (5mM) and
deactivation at about 1.2 fold (Figure 2 (i)). In contrast, the activation of PKA is monostable,
with a highly sensitive response (Hill coefficient = 5.8, Figure 2(ii)).

To characterise the metabolic state under different perturbations for varying glucose levels, Ps
was determined and is shown in Figure 2 (iii). It demonstrates a bistable response, however
only in the lower half of the phosphorylation state representing the anabolic zone due to AKT
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phosphorylation. Under resting state, at a glucose concentration of 5 mM, phosphorylation state
value is equal to 0.51 showing slightly catabolic conditions under fasting condition. Under
conditions of increased glucose consumption (such as during physical activity, stress etc.) with
decrease in levels of plasma glucose, the Ps value attains greater than 0.5 indicating a catabolic
state without any bistability (also reflected by the absence of bistability in the PKA vs glucose
response (Figure 2 (ii)).
On increasing glucose concentration from the fasting state, the Ps transits through a mildly
anabolic phase, with a dedicated fully operational anabolism occurring at higher glucose
concentration (1.7 fold change). This implies that for glucose perturbation of less than 1.7 fold,
Ps remains only mildly anabolic. On perturbing glucose levels greater than 1.7 fold, Ps is highly
anabolic and remains in this state even after lowering of glucose up to 1.1 fold of the resting
state. This indicates that the anabolic fluxes such as glycogenesis and lipogenesis, if increased
beyond certain threshold, might get locked even after lowering the glucose concentration, due
to the bistability in Ps with respect to glucose.

It is interesting to note that a buffering zone exists for the anabolic response, while such a
bistable response is absent in the catabolic zone. Glucose concentration lower than the
physiological levels switches Ps value closer to one indicating mainly catabolism. Thus, the
bistability offers a buffering zone between 1 to 1.7 fold change of glucose, in which both
mainly anabolic and a balance between anabolic and catabolic process can be observed for a
given glucose concentration, depending on the ON and OFF path. This indicates that for a
given glucose concentration two distinct metabolic states can be achieved depending on the
steady state points on the two different paths.

In order to elaborate on the operating strengths of feedbacks and crosstalk conditions in
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different steady states (shown by alphabets A-D in Figure 2(iii), we have shown feedback
strengths operating in the network (see Figures S2 – S5). Under fasting conditions (represented
by point A in Figure 2 (iii)), Figure S2 shows that the dominant feedback is PDE3 degradation
of cAMP thereby inhibiting the catabolic module. Hence the positive feedbacks of Ca on DAG
& cAMP along with cAMP on PKA are almost inactive. Further, anabolic module is also
minimally active due to low levels of insulin secretion under these conditions leading to
minimal activation of the positive feedback loop involving IRS-PI3K-AKT. When glucose
levels increase to 1.5 folds (shown as point B in Figure 2 (iii)), insulin secretion goes up thereby
activating the anabolic module (Figure S3). In this case, increased degradation of cAMP by
AKT (via PDE3 crosstalk) leads to complete shut off of the catabolic regime. In insulin
signalling module, AKT positive feedback on IRS increases slightly due to increased insulin
secretion, but is not enough to make Ps heavily anabolic. Note that the feedbacks and crosstalk
like DAG inhibiting IRS via PKC and amino acids inhibiting IRS via mTOR-S6K signalling
are almost inactive under these conditions.

On the other hand, under switching OFF conditions (shown as point C in Figure 2(iii)), the
positive feedback of AKT on IRS increases along with the PKC and mTOR inhibitions of IRS
(Figure S4). But the overall effect is dominated by the positive feedback loop between IRSPI3K-AKTp, thereby locking the state in highly anabolic region. Further, PDE3 degradation of
cAMP is highly active causing the complete inactivation of glucagon signalling (just like the
state B). Whereas under low glucose conditions (shown as point D in Figure 2(iii)), anabolic
module becomes inactive due to low levels of insulin secretion from pancreas leading to
reduced degradation of cAMP due to AKT via PDE3 creating a highly catabolic state (Figure
S5). Further, increased PKA activates DAG which inhibits IRS through crosstalk with PKC
leading to inactivation of anabolic signalling pathways.
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Effect of varying plasma amino acid levels
In order to assess the effect of macronutrients on Ps with respect to glucose, the level of fatty
acids (FA) and amino acids (AA) in plasma were varied. When AA level was increased up to
3 folds (while keeping FA constant at 1 fold), the span of bistable response increased in the
anabolic region (Figure 3(i)). The Ps response now turns anabolic at glucose = 1.8 folds, (visa-vis at glucose = 1.7 folds when AA = 1 fold) while switching ON and turned homeostatic
(from anabolic) at glucose = 0.9 fold (vis-a-vis glucose = 1 fold when amino acid = 1 fold)
while switching OFF. Corresponding network map (Figure S6, representing point E in Figure
3(i)) shows high activation of insulin signalling module due to dominance of AKTp positive
feedback on IRS under such conditions. It also leads to increased cAMP degradation by PDE3
and thus supresses the effect of glucagon signalling module. This is why overall metabolic state
is heavily anabolic in spite of glucagon signalling module also being activated due to increased
glucagon secretion under high levels of AA.

On further increasing AA to 5 folds, Ps response turns catabolic and monostable even at high
glucose levels up to 2 folds. Ps remains above 0.9 in this case (Figure 3(ii)). Here active AKT
levels are always low with sub-sensitive and higher levels of active PKA response with respect
to glucose, resulting in a broad catabolic state. This indicates an abnormal physiological state
wherein the anabolic pathways are not activated even at high levels of plasma glucose.
Corresponding network map (Figure S7 representing point F in Figure 3(ii)) shows high levels
of mTOR activation by AA ultimately leading to increased inhibition of IRS by S6K1p 44. This
inactivation of insulin signalling leads to reduced inhibition of PDE3 by cAMP. Further, high
AA levels also increase glucagon secretion from pancreas 45 creating a highly catabolic state
in the network.

bioRxiv preprint doi: https://doi.org/10.1101/509208; this version posted January 2, 2019. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Effect of varying plasma fatty acid levels
Similarly, on increasing FA levels up to 3 folds, while keeping AA constant at 1fold, we again
observe an increase in the span of bistable response (Figure 3(iii)). The response now turns
anabolic at glucose = 1.8 folds (vis-a-vis at glucose = 1.7 folds when FA = 1 fold) while
switching ON, and the response turns homeostatic (from anabolic) at glucose = 0.8 folds (visa-vis at glucose = 1 fold when FA = 1 fold) while switching OFF. Corresponding flux map
(Figure S8, representing point G in Figure 3(iii)) depicts high levels of IRS activation mainly
due to the positive feedback of AKT which is keeping the overall metabolic state as anabolic
in spite of inhibition by increased FA levels (via PKC). Moreover high levels of activation of
PDE3 degradation of cAMP is also shutting off the catabolic signalling module under these
conditions.
On further increasing FA levels to 5 folds, Ps response becomes monostable and does not turn
anabolic even at glucose levels up to 2 folds (Figure 3(iv)). Here AKTp levels are very low and
PKA response is hyper sensitive and becomes close to zero as glucose levels go above 1 fold
leading to overall homeostatic response at higher glucose levels in this case. Corresponding
flux map (Figure S9, representing point H in Figure 3(iv)) shows that insulin signalling is
inhibited by higher FA levels (via PKC activation)

46

even at high glucose levels. Moreover,

glucagon signalling is inactivated due to inhibition of glucagon secretion by glucose and
significant level of cAMP degradation by PDE3.

Knockout of positive feedback of AKT on IRS
In order to evaluate the effect of feedbacks on the Ps response, the positive feedback from
AKTp on IRS was negated. This resulted in a monostable response without the activation of
anabolic response i.e., AKT was not activated (Figure 4(i)). Thus, the model suggests that this
positive feedback is a dominant mechanism responsible for the anabolic bistable response. The
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network diagram in the absence of this feedback with glucose levels = 1.5 folds (Figure S10,
representing point I in Figure 4(i)), shows that insulin signalling module is less activated (AKT
contribution to Ps = 0.12) as compared to the corresponding conditions in the presence of this
feedback during switching OFF conditions (Figure S3, where AKT contribution to Ps is 0.89),
when the metabolic state is heavily anabolic. Here glucagon signalling module is almost shut
off mainly due to highly active PDE3 degradation of cAMP and glucose inhibition on glucagon
signalling. Hence due to the absence of this feedback overall metabolic response remains only
slightly anabolic even at high glucose levels.

Knockout of calcium positive feedback on cAMP
The positive feedback of calcium on cAMP was also negated to see the response in the
catabolic module. It resulted in leftwards shift in the deactivation threshold of catabolic
response with respect to glucose (Figure 4(ii)). This implies that it activates cAMP, PKA and
DAG at subnormal glucose levels. Corresponding network diagram under these conditions
(Figure S11, representing point J in Figure 4(ii)) shows how the cAMP activation of PKA and
PKA contribution to the overall metabolic state is reduced as compared to the case when this
positive feedback is present (Figure S5). Thus keeping the overall response as homeostatic
even at subnormal glucose levels.
When both the above mentioned positive feedbacks are simultaneously knocked out,
monostable and catabolic response prevails at subnormal glucose levels and monostable and
homeostatic response is observed at higher glucose levels (Figure not shown). This shows that
the effect of both these feedbacks is mutually independent and can be observed in different
range of glucose levels.
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Knockout of crosstalk between AKT and PDE3
Next, we knockout crosstalk between insulin and glucagon signalling pathways. Firstly, we
delink the activation of PDE3 by AKT. This was done by setting the Hill function representing
activation of PDE3 by AKTp equal to its maximum value of 1. This resulted in a suppressed
levels of Ps state indicating reduced activity in the catabolic zone at glucose levels less than 1
fold (Figure 4(iii)). This is mainly due to enhanced degradation of cAMP by PDE3 which
results in lowered PKA response. Thus, the crosstalk helps in efficient catabolic response under
low glucose conditions.

Knockout of crosstalk between DAG and PKC
Likewise, on eliminating the crosstalk from DAG to PKC by setting the corresponding Hill
function at its maximum value of 1, response turns monostable and homeostatic even at higher
glucose levels up to 3 folds (Figure 4(iv)). This implies that the activation of AKTp is reduced
by inhibition of IRS by this crosstalk. At higher glucose concentration, when the glucagon
signalling pathway is suppressed, the DAG mediated insulin signalling suppression essentially
happens due to fatty acids47. Therefore, the span of bistability under normal macronutrient
conditions (FA = AA = 1fold) is set by the FA activation of DAG.
Overall, this shows that both the crosstalk from DAG to PKC and AKT to PDE3 are operational
and relevant for normal catabolic to anabolic transitions. Further, the effect of simultaneous
decoupling of both the crosstalk is algebraic summation of removal of crosstalk one at a time.
This demonstrates that the effect of both the crosstalk on the integrated network response is
independent of each other.
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Discussion
Structure and function underlying bistability in IG network
The analysis of the network shows that mutually antagonistic modules of insulin & glucagon
signalling increase the operational efficiencies of respective pathways for glucose as input
stimulus 3. The analysis reveals that the robustness of a homeostatic regulatory circuit is
obtained by a combination of positive and negative feedback in the system

48,49

. While

increasing the negative feedback reduces the effect of positive feedback thereby increasing the
demand for a higher input stimulus; decreasing the negative feedback enhances the effect of
positive feedback thereby inducing a bistable response in such a circuit 50. Therefore, the span
of the bistable response is determined by the relative strengths of the positive and negative
feedbacks in the network.
The positive feedbacks of AKT on IRS and Ca on cAMP in the pathway ensure a
proportionately higher output response even for a smaller value of the input stimulus from
insulin and glucagon secreted from the pancreas. On the other hand, negative feedbacks like
PDE3 induced cAMP degradation, PKC & S6K inhibition on IRS are essential to reduce the
effect of the input stimulus on the output response and serves as the crosstalk point for
antagonistic pathways. Further, the DAG & AKT crosstalk on PKC & PDE3, respectively
ensure and magnify the antagonistic effects of these pathways on each other.

Importance of feedback loops and its perturbation in disease state
The positive feedback of AKTp on IRS and calcium on cAMP serves in attaining a bistable
response in the regulatory elements of insulin and glucagon signalling pathways, respectively.
The bistability helps in maintaining the output response in ON state even at the lower levels of
input stimulus once activated. This facilitates to economise the requirements of the input
stimulus by hormones (insulin and glucagon) rendering sustained output response for a short-
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lived input stimulus. This kind of design probes to explain the pulsatile nature of insulin
secretion after the glucose stimulus, wherein an initial pulse in insulin secretion may prime the
signalling response to a persistent activation due to underlying structure that produces
bistability. Such an importance of pulsatile insulin secretion and the underlying bistability for
efficient glucose homeostasis is also reported in the experimental observations 16. Disturbances
in first-phase insulin pulse are reported in diabetic patients, implicating the inability to switch
ON the insulin response leading to insulin resistance 51. Therefore, loss of the AKT positive
feedback can make the system more prone to type II diabetes mellitus 17. The model from Zhao
et al. suggested that a typical protein kinase C undergoes a bistable switch-ON and switchOFF, under the non-linear control of insulin receptor substrate 2 (IRS2) and its disturbances
causing insulin resistance 16. Likewise, Ca-cAMP-PKA feedforward loop separately plays an
important role in the catabolic space with additional bistability showing up when Ca+ positive
feedback on cAMP is knocked off, indicating lack of catabolic efficiency. Such a state may
render difficulty in calorie expenditure and energy availability under acute demand and may
lead to hypoglycaemic conditions during physiological stress.

Several cancer tumour cells exhibit constitutive activation of PI3K/AKT/mTOR pathway

52

.

The over expression of this pathway is essential for biosynthesis and provides a fitness
advantage for the highly proliferating cells, a hallmark of cancer cells

53

. It has been argued

that the dysregulation in PI3K/AKT pathway operates between two extremes states leading to
either diabetes or cancer, wherein the insulin activity is either reduced or increased,
respectively 14. Therefore, as observed from our analysis, in the case of higher levels of plasma
fatty acid (2-3 folds), the bistable response in phosphorylation state shows an anabolic response
indicating higher insulin activity even at normal glucose levels (Figure 3 (iii)). Such a scenario
is conducive to the proliferative state increasing the probability of cancerous phenotype, and
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may also promote higher synthesis and storage of fuels in the form of adipose tissues, leading
to obesity. Moreover, in case of a sensitive positive feedback of AKTp on IRS would result in
the increased span of bistability (See Figure S12), rendering a person higher chances of
becoming obese even after consuming lesser amount of calories due to sensitive and persistent
anabolic response to glucose. Supporting these hypotheses, recently it has been shown that the
suppression of IRS2/Akt signalling prevents hepatic steatosis, non-alcoholic fatty liver disease
(NAFLD) and liver cancer 54 indicating the importance of balance in the anabolic and catabolic
response. Hence, our analysis provides a plausible mechanism for the increased instances of
cancer in obesity55.

On the other hand, when selective dysfunction in either AKT positive feedback or decoupling
of DAG-PKC crosstalk in a tissue like liver is considered, the system exhibits insulin resistance
for increasing glucose levels (Figure 4(i) & 4(iv)). Under such a condition, due to lack of
hepatic glucose absorption, plasma glucose levels may increase leading to hyperinsulinemia.
The sustained increased insulin levels, then may affect the other tissues (such as adipose tissue
and muscle with normal insulin sensitivity) to become more anabolic and sensitize AKT/PI3K
pathway increasing the probability of cellular proliferation and tendency towards obesity56-58.
Hence our analysis provides insights on possible mechanisms by which differential insulin
resistance could be responsible for diabetes, obesity and cancer, simultaneously. Furthermore,
our model predicts signalling abnormalities like progressive decrease in IRS and AKT activity
along with increase in aPKC and mTOR activity with increase in body mass index (BMI) in
human subjects (lean, obese & T2DM) and mouse, with diet induced obesity

59

. These

observations can easily be explained by our model where increase in FA and AA levels (in
obese and T2DM) lead to respective increase in PKC, mTOR-S6K1p and subsequent inhibition
of IRS and downstream kinases like AKTp.
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Modulation of bistablity in metabolic state by macronutrients
Analysis of steady state profiles of signalling proteins shows that insulin and glucagon
signalling modules act antagonistically to balance, dominate or subdue each other to keep
plasma glucose levels under homeostatic (balanced), mildly anabolic (post balanced diet
conditions), highly anabolic (post high carbohydrate diet conditions) and highly catabolic
(during exercise) states. The system keeps switching between these three steady state
conditions as the level of macronutrients varies in the model. Our analysis shows that
differences in the regulatory nature of macronutrients yield different patterns of metabolic
responses for different combinations of these macronutrients in the plasma. For instance, at
very high AA levels (>4 fold) response turns highly catabolic with fluxes in glucagon signalling
module dominating over insulin signalling module fluxes. Such increased catabolic flux
concomitant with higher amino acids may indicate increased ammonia production in liver. In
such condition, patients may demonstrate impairments in urea synthesis that is proportional to
the clinical severity of their liver disease 60. At very high levels of circulating AA, the catabolic
signalling is dominant and tissues may not be able to build protein mass. One example of such
catabolic disorder is muscle sarcopenia, reported in branched-chain amino acids (BCAA)
supplementation studies61. Moreover, in case of moderately-high protein diet, it is well
established that plasma glucose levels acutely reduce as compared to low protein diet 62, despite
a dichotomous rise in circulating glucagon levels 63. Our integrated model effectively explains
this phenomena as at moderately high AA levels, positive feedback of AKTp on IRS is
dominant (Figure 3(i) and Figure S6) that not only would stimulate anabolic pathways like
protein synthesis, but also suppresses glucagon signalling and subsequent catabolic pathways
like gluconeogenesis with little effect on plasma glucose concentration under these conditions.
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The effect of decreasing AA and FA as input to the system is minimal on the network fluxes,
as it seems that plasma glucose levels have higher control on these hormones at basal levels.
Whereas on moderately increasing fatty acid levels up to 3 folds, an anabolic action would
increase lipogenesis at normal glucose levels and an increase in gluconeogenesis at subnormal
glucose levels during switching OFF conditions. On increasing FA levels further up to 4 folds,
catabolic state is prevalent that could inhibit lipogenesis. At high AA levels up to 3 folds and
subnormal to normal glucose levels catabolic state is predominate (mimicking the starvation
condition and indicative of gluconeogenesis from AA) whereas at higher glucose levels the
response is anabolic conducive to protein synthesis under surplus AA levels 64. At higher fatty
acid (4 folds onwards) and glucose levels (2 fold onwards), glucagon signalling module is shut
OFF and insulin signalling module is not sufficiently activated to turn the system completely
anabolic. These analysis shows that the efficiency of the insulin signalling pathway is high at
the moderate levels of all these macronutrients, but it is reduced with further increasing amino
acid and fatty acid levels in plasma. It was also noted that the defects in the glucagon signalling
can also lead to a diabetic response despite healthy insulin signalling. Therefore, the
homeostatic response is the result of these two competing pathways functioning through the
regulatory network.

The dietary effect on these pathways aid in modulating the strength of these feedbacks leading
to alterations in the output response of the pathway. In case of high protein & fat diet, fatty
acids and amino acids have inhibitory effect on the insulin signalling pathway by increasing
the serine phosphorylation of IRS via the activation of PKC and S6K respectively 47,65 . This
reduces the antagonistic effect of insulin on glucagon signalling pathway by further activation
of cAMP and PKA. Since PKA is sensitive to suppression by insulin signalling and glucose,
slightly lowering either of these can activate PKA to a higher value. Hence under higher fatty
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& amino acid conditions the catabolic activation is prevalent, which may further lead to higher
output and lower intake of glucose by tissues like liver and muscle leading to a diabetic state.
Our analysis indicates that an optimal composition of macronutrient exists for which the
metabolic response can be maximized as per the requirement of physiological conditions.

Future direction
Our model analysis would help in standardizing the dietary macronutrient composition under
disease condition and also identifying the underlying mechanisms in certain metabolic
diseases. Further, integration of this model with tissue metabolism models can help us identify
strategies for disease mitigation using integrated model with metabolism. For example,
exploring the potential strategies to counter obesity-linked disorders by reducing adipose tissue
lipolysis to diminish the mobilisation of FAs and lower their plasma concentrations

66

.

Moreover, it would be interesting to analyse the integration of multiple bistable loops arising
at metabolic

19

and signalling levels that provide highly versatile metabolic regulatory

landscape for energetics adaptation under different combinations of plasma macronutrient
concentrations and its disturbances in disease states.

Method
Mathematical model development
The current model integrates previously validated mechanistic models of signalling pathways
relating to insulin 17,67, GPCR 40, Ca-DAG 39, cAMP-PKA 68 with empirical models of insulin
and glucagon secretion

64,69

to generate an integrated model with 36 state variables. The

integrated model contains several feedbacks and crosstalk accounting for the antagonistic
nature of insulin and glucagon signalling. The ODEs have been formulated based on kinetic
rate law and mass balance of signalling proteins. Hormone secretion kinetics has been
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quantified by accounting for the effects of plasma macronutrient levels (Supplementary
material –Appendix II). Dynamic solution of these ODEs are obtained using ODE15s solver in
MATLAB. The steady state profiles for signalling components are obtained and analysed for
corresponding levels of glucose, fatty acids and amino acids in plasma.

There are three modules in the integrated insulin-glucagon signalling network (Figure 1) that
represent both the hormones and the macronutrients (glucose, amino acids and fatty acids) in
blood. Plasma concentrations of macronutrients and hormones act as input to the insulin and
glucagon signalling pathways. The governing equations capturing the interplay between these
pathways are given in Appendix II (supplementary material). Hill functions are used to capture
important feedbacks and crosstalk in the network. Positive feedbacks of AKT on IRS, Ca on
cAMP, cAMP on PKA along with negative feedbacks of S6K1p & PKC on IRS are the
significant ones. Moreover, PKA degradation of PDE3 and PDE3 degradation of cAMP form
a double negative feedback loop on the glucagon signalling module. Mutually antagonistic
actions of both the signalling modules is modelled by the two crosstalk. Firstly, DAG activates
PKC that inhibits IRS and secondly AKT activates PDE3 which promotes cAMP degradation
and reduces the levels of PKA in the network

70

. The model was qualitatively validated by

matching the output simulation of the existing model with the simulations of the source models
and the data from literature (see Figure S1).

Phosphorylation state
The outputs of signalling pathways characterising insulin and glucagon signalling modules are
phosphorylated AKT and activated PKA, respectively. The activated levels of AKT and PKA
indicate the anabolic and catabolic state of a cell. In order to obtain the overall metabolic state
of a cell, we quantify phosphorylation state metric ‘Ps’ as a function of activated AKT and
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PKA levels 71 as follows:
𝑃𝐾𝐴

𝑃𝑠 = 0.5 ∗ (1 + (ℎ𝑃𝐾𝐴

+ 𝑃𝐾𝐴

−

𝐴𝐾𝑇𝑝
ℎ𝐴𝐾𝑇 + 𝐴𝐾𝑇𝑝

))

(1)

where, hpka and hakt are the half saturation thresholds for the signalling parameters. Figure 2(iii)
shows the phosphorylation state with respect to the varying glucose input to the system. Ps
below 0.45 depicts the anabolic zone, Ps within 0.45 to 0.55 depicts the homeostatic zone and
above 0.55 depicts the catabolic zone.
In order to visualise the relative operational strengths of the feedbacks and crosstalk under
various physiological conditions, the absolute values of the corresponding Hill functions were
plotted in the network diagrams as reported in the supplementary information (Figure S2 –
S11).

Acknowledgement: We are thankful for the teaching assistantship provided by Indian Institute
of Technology, Bombay through MHRD, India, to support this work.

Author contributions: PRS and KVV conceived the work, PRS and MT performed analysis,
PRS, MT and KVV wrote the manuscript.

Declaration of Interest: Authors declare no conflict of interest.

Supplementary Information
Appendix I- Insulin and glucagon signalling pathway
Appendix II- Details on mathematical modelling (parameters and equations)
Appendix III- Supplementary Figures

bioRxiv preprint doi: https://doi.org/10.1101/509208; this version posted January 2, 2019. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

References
1
2
3
4

5

6

7

8
9

10

11

12

13

14
15

16

17

18

Alon, U. Network motifs: theory and experimental approaches. Nature Reviews
Genetics 8, 450, doi:10.1038/nrg2102 (2007).
Kotas, M. E. & Medzhitov, R. Homeostasis, Inflammation, and Disease Susceptibility.
Cell 160, 816-827, doi:10.1016/j.cell.2015.02.010 (2015).
Wang, G. Optimal homeostasis necessitates bistable control. Journal of The Royal
Society Interface 9, 2723-2734, doi:10.1098/rsif.2012.0244 (2012).
Chaves, M., Eissing, T. & Allgower, F. Bistable Biological Systems: A
Characterization Through Local Compact Input-to-State Stability. IEEE Transactions
on Automatic Control 53, 87-100, doi:10.1109/TAC.2007.911328 (2008).
Sha, W. et al. Hysteresis drives cell-cycle transitions in <em>Xenopus laevis</em>
egg extracts. Proceedings of the National Academy of Sciences 100, 975-980,
doi:10.1073/pnas.0235349100 (2003).
Markevich, N. I., Hoek, J. B. & Kholodenko, B. N. Signaling switches and bistability
arising from multisite phosphorylation in protein kinase cascades. The Journal of Cell
Biology 164, 353-359, doi:10.1083/jcb.200308060 (2004).
Fey, D., Croucher, D., Kolch, W. & Kholodenko, B. Crosstalk and Signaling Switches
in Mitogen-Activated Protein Kinase Cascades. Frontiers in Physiology 3,
doi:10.3389/fphys.2012.00355 (2012).
Xuefei, L. & Herbert, L. Bistability of the cytokine-immune cell network in a cancer
microenvironment. Convergent Science Physical Oncology 3, 024002 (2017).
Wang, G. & Kruger, G. R. F. Computational Analysis of mTOR Signaling Pathway:
Bifurcation, Carcinogenesis, and Drug Discovery. Anticancer Research 30, 2683-2688
(2010).
Fröhlich, F., Sejnowski, T. J. & Bazhenov, M. Network Bistability Mediates
Spontaneous Transitions between Normal and Pathological Brain States. The Journal
of Neuroscience 30, 10734-10743, doi:10.1523/jneurosci.1239-10.2010 (2010).
Tyson, J. J., Albert, R., Goldbeter, A., Ruoff, P. & Sible, J. Biological switches and
clocks.
Journal
of
The
Royal
Society
Interface
5,
S1-S8,
doi:10.1098/rsif.2008.0179.focus (2008).
Ferrell, J. E. & Machleder, E. M. The Biochemical Basis of an All-or-None Cell Fate
Switch
in
<em>Xenopus</em>
Oocytes.
Science
280,
895-898,
doi:10.1126/science.280.5365.895 (1998).
Lisman, J. E. A mechanism for memory storage insensitive to molecular turnover: a
bistable autophosphorylating kinase. Proceedings of the National Academy of Sciences
82, 3055-3057, doi:10.1073/pnas.82.9.3055 (1985).
Guanyu, W. Singularity analysis of the AKT signaling pathway reveals connections
between cancer and metabolic diseases. Physical Biology 7, 046015 (2010).
Shiraishi, T., Matsuyama, S. & Kitano, H. Large-Scale Analysis of Network Bistability
for
Human
Cancers.
PLOS
Computational
Biology
6, e1000851,
doi:10.1371/journal.pcbi.1000851 (2010).
Zhao, G., Wirth, D., Schmitz, I. & Meyer-Hermann, M. A mathematical model of the
impact of insulin secretion dynamics on selective hepatic insulin resistance. Nature
Communications, doi:10.1038/s41467-017-01627-9 (2017).
Giri, L., Mutalik, V. K. & Venkatesh, K. V. A steady state analysis indicates that
negative feedback regulation of PTP1B by Akt elicits bistability in insulin-stimulated
GLUT4 translocation. Theoretical Biology and Medical Modelling, doi:10.1186/17424682-1-2 (2004).
Arkun, Y. Dynamic Modeling and Analysis of the Cross-Talk between Insulin/AKT

bioRxiv preprint doi: https://doi.org/10.1101/509208; this version posted January 2, 2019. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

19

20

21

22

23

24

25
26
27

28

29

30

31

32

33

34

and MAPK/ERK Signaling Pathways.
PLoS ONE 11, e0149684,
doi:10.1371/journal.pone.0149684 (2016).
Mulukutla, B. C., Yongky, A., Daoutidis, P. & Hu, W.-S. Bistability in Glycolysis
Pathway as a Physiological Switch in Energy Metabolism. PLOS ONE 9, e98756,
doi:10.1371/journal.pone.0098756 (2014).
Mauro, S.-P., Daniel, D. S., S., C. W., M., M.-C. M. & Patricia, Z. Regulation of
mammalian muscle type 6-phosphofructo-1-kinase and its implication for the control
of the metabolism. IUBMB Life 62, 791-796, doi:doi:10.1002/iub.393 (2010).
Bansal, P. & Wang, Q. Insulin as a physiological modulator of glucagon secretion.
American
Journal
of
Physiology-Endocrinology
and
Metabolism,
doi:10.1152/ajpendo.90295.2008 (2008).
Jiang, G. & Zhang, B. B. Glucagon and regulation of glucose metabolism. American
Journal
of
Physiology
Endocrinology
And
Metabolism,
doi:10.1152/ajpendo.00492.2002 (2003).
Dimitriadis, G., Mitrou, P., Lambadiari, V., Maratou, E. & Raptis, S. A. Insulin effects
in muscle and adipose tissue. Diabetes Research and Clinical Practice,
doi:10.1016/S0168-8227(11)70014-6 (2011).
Titchenell, P. M., Lazar, M. A. & Birnbaum, M. J. Unraveling the Regulation of
Hepatic Metabolism by Insulin. Trends in Endocrinology & Metabolism,
doi:10.1016/j.tem.2017.03.003 (2017).
Jones, B. J., Tan, T. & Bloom, S. (2012).
Reissaus, C. A. & Piston, D. W. Reestablishment of glucose inhibition of glucagon
secretion in small pseudoislets. Diabetes, doi:10.2337/db16-1291 (2017).
Le Marchand, S. J. & Piston, D. W. Glucose Suppression of Glucagon Secretion:
Metabolic and calcium response from α-cells in intact mouse pancreatic islets. Journal
of Biological Chemistry 285, 14389-14398, doi:10.1074/jbc.M109.069195 (2010).
McClenaghan, N. H., Barnett, C. R., O'Harte, F. P. M. & Flatt, P. R. Mechanisms of
amino acid-induced insulin secretion from the glucose-responsive BRIN-BD11
pancreatic
B-cell
line.
Journal
of
Endocrinology
151,
349-357,
doi:10.1677/joe.0.1510349 (1996).
Assan, R., Attali, J. R., Ballerio, G., Boillot, J. & Girard, J. R. Glucagon Secretion
Induced by Natural and Artificial Amino Acids in the Perfused Rat Pancreas. Diabetes
26, 300-307, doi:10.2337/diab.26.4.300 (1977).
Tato, I., Bartrons, R., Ventura, F. & Rosa, J. L. Amino acids activate mammalian target
of rapamycin complex 2 (mTORC2) via PI3K/Akt signaling. J. Biol. Chem.,
doi:10.1074/jbc.M110.166991 (2011).
Zhang, J., Gao, Z., Yin, J., Quon, M. J. & Ye, J. S6K Directly Phosphorylates IRS-1 on
Ser-270 to Promote Insulin Resistance in Response to TNF-α Signaling through IKK2.
Journal of Biological Chemistry 283, 35375-35382, doi:10.1074/jbc.M806480200
(2008).
Manco, M., Calvani, M. & Mingrone, G. Effects of dietary fatty acids on insulin
sensitivity and secretion. Diabetes, Obesity and Metabolism 6, 402-413,
doi:doi:10.1111/j.1462-8902.2004.00356.x (2004).
Rojo-Martínez, G. et al. Dietary fatty acids and insulin secretion: a population-based
study. European Journal Of Clinical Nutrition 60, 1195, doi:10.1038/sj.ejcn.1602437
(2006).
Ho, C. K., Rahib, L., Liao, J. C., Sriram, G. & Dipple, K. M. Mathematical modeling
of the insulin signal transduction pathway for prediction of insulin sensitivity from
expression
data.
Molecular
Genetics
and
Metabolism,
doi:10.1016/j.ymgme.2014.11.003 (2015).

bioRxiv preprint doi: https://doi.org/10.1101/509208; this version posted January 2, 2019. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

35

36

37

38

39
40

41
42

43

44

45
46
47

48
49
50
51

52

53

54

Huang, C., Wu, M., Du, J., Liu, D. & Chan, C. Systematic modeling for the insulin
signaling network mediated by IRS1 and IRS2. J Theor Biol,
doi:10.1016/j.jtbi.2014.03.030 (2014).
Sedaghat, A. R., Sherman, A. & Quon, M. J. A mathematical model of metabolic
insulin signaling pathways. American Journal of Physiology-Endocrinology and
Metabolism 283, E1084--E1101 (2002).
Bergqvist, N., Nyman, E., Cedersund, G. & Stenkula, K. G. A systems biology analysis
connects insulin receptor signaling with glucose transporter translocation in rat
adipocytes. Journal of Biological Chemistry, doi:10.1074/jbc.M117.787515 (2017).
Höfer, T. Model of intercellular calcium oscillations in hepatocytes: Synchronization
of heterogeneous cells. Biophysical Journal, doi:10.1016/S0006-3495(99)76976-6
(1999).
Kummer, U. et al. Switching from simple to complex oscillations in calcium signaling.
Biophysical Journal, doi:10.1016/S0006-3495(00)76373-9 (2000).
Riccobene, T. A., Omann, G. M. & Linderman, J. J. Modeling activation and
desensitization of G-protein coupled receptors provides insight into ligand efficacy. J
Theor Biol, doi:10.1006/jtbi.1999.0988 (1999).
Chew, Y. H. et al. Modeling of glucose regulation and insulin-signaling pathways.
Molecular and Cellular Endocrinology, doi:10.1016/j.mce.2009.01.018 (2009).
Liu, W., Hsin, C. C. & Tang, F. A molecular mathematical model of glucose
mobilization and uptake. Mathematical Biosciences, doi:10.1016/j.mbs.2009.07.005
(2009).
Schaller, S. et al. A generic integrated physiologically based whole-body model of the
glucose insulin-glucagon regulatory system. CPT: Pharmacometrics and Systems
Pharmacology, doi:10.1038/psp.2013.40 (2013).
Nyman, E. et al. A Single Mechanism Can Explain Network-wide Insulin Resistance
in Adipocytes from Obese Patients with Type 2 Diabetes. Journal of Biological
Chemistry 289, 33215-33230, doi:10.1074/jbc.M114.608927 (2014).
Holst, J. J., Albrechtsen, N. J. W., Pedersen, J. & Knop, F. K. G. (2017).
Samuel, V. T. & Shulman, G. I. (2016).
Yu, C. et al. Mechanism by which fatty acids inhibit insulin activation of insulin
receptor substrate-1 (IRS-1)-associated phosphatidylinositol 3-kinase activity in
muscle. The Journal of Biological Chemistry, doi:10.1074/jbc.M200958200 (2002).
Kitano, H. Towards a theory of biological robustness. Mol Syst Biol 3, 137-137,
doi:10.1038/msb4100179 (2007).
Kitano, H. (2004).
Ferrell, J. E. (2002).
Bonadonna, R. C. et al. Altered Homeostatic Adaptation of First- and Second-Phase βCell Secretion in the Offspring of Patients With Type 2 Diabetes. Studies With a
Minimal Model to Assess β-Cell Function 52, 470-480, doi:10.2337/diabetes.52.2.470
(2003).
Mayer, I. A. & Arteaga, C. L. The PI3K/AKT Pathway as a Target for Cancer
Treatment. Annual Review of Medicine 67, 11-28, doi:10.1146/annurev-med-062913051343 (2016).
Ulanet, D. B., Ludwig, D. L., Kahn, C. R. & Hanahan, D. Insulin receptor functionally
enhances multistage tumor progression and conveys intrinsic resistance to IGF-1R
targeted therapy. Proceedings of the National Academy of Sciences 107, 10791-10798,
doi:10.1073/pnas.0914076107 (2010).
Jeong, S. H. et al. Hippo-mediated suppression of IRS2/AKT signaling prevents hepatic
steatosis and liver cancer. Journal of Clinical Investigation, doi:10.1172/JCI95802

bioRxiv preprint doi: https://doi.org/10.1101/509208; this version posted January 2, 2019. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

55
56
57
58
59

60
61
62

63

64

65

66

67

68

69

70

71

(2018).
Poloz, Y. & Stambolic, V. Obesity and cancer, a case for insulin signaling. Cell Death
&Amp; Disease 6, e2037, doi:10.1038/cddis.2015.381 (2015).
Djiogue, S. et al. Insulin resistance and cancer: the role of insulin and IGFs. EndocrineRelated Cancer 20, R1-R17, doi:10.1530/erc-12-0324 (2013).
Belfiore, A. & Malaguarnera, R. Insulin receptor and cancer. Endocrine-Related
Cancer 18, R125-R147, doi:10.1530/erc-11-0074 (2011).
Orgel, E. & Mittelman, S. D. The Links Between Insulin Resistance, Diabetes, and
Cancer. Current diabetes reports 13, 213-222, doi:10.1007/s11892-012-0356-6 (2013).
Sajan, M. P., Ivey, R. A. & Farese, R. V. BMI-related progression of atypical PKCdependent aberrations in insulin signaling through IRS-1, Akt, FoxO1 and PGC-1α in
livers of obese and type 2 diabetic humans. Metabolism: Clinical and Experimental,
doi:10.1016/j.metabol.2015.08.011 (2015).
Rafoth, R. J. & Onstad, G. R. Urea synthesis after oral protein ingestion in man. Journal
of Clinical Investigation, doi:10.1172/JCI108193 (1975).
Bifari, F. & Nisoli, E. (2017).
Claessens, M., Calame, W., Siemensma, A. D., van Baak, M. A. & Saris, W. H. M. The
effect of different protein hydrolysate/carbohydrate mixtures on postprandial glucagon
and insulin responses in healthy subjects. European Journal of Clinical Nutrition,
doi:10.1038/sj.ejcn.1602896 (2009).
LaPierre, M. P., Abraham, M. A., Yue, J. T., Filippi, B. M. & Lam, T. K. Glucagon
signalling in the dorsal vagal complex is sufficient and necessary for high-protein
feeding to regulate glucose homeostasis in vivo. EMBO reports,
doi:10.15252/embr.201540492 (2015).
Somvanshi, P. R., Patel, A. K., Bhartiya, S. & Venkatesh, K. V. Influence of plasma
macronutrient levels on hepatic metabolism: role of regulatory networks in homeostasis
and disease states. RSC Advances 6, 14344-14371, doi:10.1039/C5RA18128C (2016).
Tremblay, F. et al. Identification of IRS-1 Ser-1101 as a target of S6K1 in nutrient- and
obesity-induced insulin resistance. Proceedings of the National Academy of Sciences,
doi:10.1073/pnas.0706517104 (2007).
Schweiger, M. et al. Pharmacological inhibition of adipose triglyceride lipase corrects
high-fat diet-induced insulin resistance and hepatosteatosis in mice. Nature
Communications, doi:10.1038/ncomms14859 (2017).
Nyman, E. et al. A hierarchical whole-body modeling approach elucidates the link
between in vitro insulin signaling and in vivo glucose homeostasis. Journal of
Biological Chemistry, doi:10.1074/jbc.M110.188987 (2011).
Siso-Nadal, F., Fox, J. J., Laporte, S. A., Hébert, T. E. & Swain, P. S. Cross-Talk
between Signaling Pathways Can Generate Robust Oscillations in Calcium and cAMP.
PLOS ONE 4, e7189, doi:10.1371/journal.pone.0007189 (2009).
Dalla Man, C., Rizza, R. A. & Cobelli, C. Meal simulation model of the glucose-insulin
system.
IEEE
Transactions
on
Biomedical
Engineering,
doi:10.1109/TBME.2007.893506 (2007).
Nikolaev, V. O., Gambaryan, S., Engelhardt, S., Walter, U. & Lohse, M. J. Real-time
monitoring of the PDE2 activity of live cells: Hormone-stimulated cAMP hydrolysis is
faster than hormone-stimulated cAMP synthesis. Journal of Biological Chemistry,
doi:10.1074/jbc.C400505200 (2005).
König, M., Bulik, S. & Holzhütter, H.-G. Quantifying the Contribution of the Liver to
Glucose Homeostasis: A Detailed Kinetic Model of Human Hepatic Glucose
Metabolism. PLoS Computational Biology, doi:10.1371/journal.pcbi.1002577 (2012).

bioRxiv preprint doi: https://doi.org/10.1101/509208; this version posted January 2, 2019. The copyright holder for this preprint (which was
not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Figures

Figure 1. Integrated insulin-glucagon signalling network. Bold lines represent positive
feedbacks (), negative feedbacks (—|) and crosstalks (---›) in the network. There are three
modules in the network, namely - insulin signalling, glucagon signalling and blood. Glucose,
amino acids & fatty acids are the input macronutrients present in plasma. Based on the amount
of these macronutrients in different physiological situations, pancreas secrete different amounts
insulin and glucagon in plasma. These hormones then trigger corresponding signalling
pathways in tissues like liver, fat and muscle. Insulin and glucagon signalling modules act
antagonistically to each other with the help of crosstalk (AKTp activating PDE3 which
promotes cAMP degradation in glucagon signalling; and DAG activates PKC which inhibits
IRS in insulin signalling) and feedbacks. When insulin signalling fluxes are greater than
glucagon signalling fluxes, net metabolic state is anabolic; and when glucagon signalling fluxes
are greater than insulin signalling fluxes, net metabolic state is catabolic.
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Figure 2. The steady state response for AKTp, PKA and Ps (Phosphorylation state) with
varying levels of glucose in plasma. (i) AKTp vs Glucose response is bistable and
ultrasensitive. Response increases suddenly at glucose = 1.6 folds while switching ON
(increasing levels of glucose, denoted by the arrow pointed upwards) and decreases to almost
zero level at glucose = 1fold while switching OFF (decreasing levels of glucose, denoted by
the arrow pointing downwards). (ii) PKA vs Glucose response is monostable and ultrasensitive.
PKA level drops sharply to almost zero for glucose levels beyond 1fold. There no difference
in switching ON and switching OFF paths. (iii) Ps vs Glucose response. Here bistability in
AKTp response is getting translated in Ps (a combination of AKTp and PKA response, see
equation 1) response. Ps levels are greater than 0.51 for glucose levels less than 1fold, tending
towards catabolic response. Ps levels remain in the homeostatic range for glucose ranging
between 1 to 1.6 folds and then turn anabolic beyond glucose levels of 1.7 folds (while
switching ON). While switching OFF, Ps levels remain anabolic up to 1.1 folds and then turn
homeostatic and catabolic at lesser levels of glucose. Note that Ps levels greater than 0.55
indicates catabolic response, between 0.44 and 0.55 indicates homeostatic response and less
than 0.45 indicates anabolic response. Points A, B, C & D denote different steady state
conditions. A – Glucose, Ps = 0.51 (homeostasis). B - Glucose = 1.5 folds (switching ON), Ps
= 0.4 (mildly anabolic). C – Glucose = 1.5 folds (switching OFF), Ps = 0.05 (highly anabolic).
D – Glucose = 0.8 fold, Ps = 0.86 (highly catabolic).
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Figure 3. Effect of changing macronutrients on bistability. Dashed graphs show normal
responses whereas solid graphs show responses at higher levels of macronutrients (amino acid
and fatty acid) levels in plasma. (i) AA = 3 folds. Here bistability span is increasing in the
anabolic zone with response turning anabolic at 1.8 folds (compared to 1.7 folds for AA = 1
fold) while switching ON, and response turning catabolic from anabolic at 0.9 fold (compared
to 1 fold for AA = 1 fold, where Ps turns homeostatic from anabolic) while switching OFF. At
point ‘E’ glucose = 1 fold, Ps = 0.15 and corresponding anabolic conditions are depicted in
Figure S5. (ii) AA = 5 folds. Here response remains catabolic even at glucose levels up to 2
folds. At point ‘F’ glucose = 1.5 folds with Ps = 0.86, corresponding network diagram is shown
in Figure S6. (iii) FA = 3 folds. Here again the span of bistable response is increasing in the
anabolic space with Ps value turning anabolic at 1.8 folds (as compared to 1.7 folds for FA = 1
fold) while switching ON, and response turning catabolic from anabolic at glucose = 0.8 fold
(as compared to glucose = 1 fold for FA = 1 fold, where Ps turns homeostatic from anabolic)
while switching OFF. At point ‘G’, glucose = 1 fold and Ps = 0.08; corresponding network
diagram is shown in Figure S7. (iv) FA = 5 folds. Here response remains monostable and nonanabolic even at high glucose levels up to 2 folds. Ps turns homeostatic (from catabolic) at
subnormal glucose levels of 0.9 fold (as compared with normal glucose levels = 1 fold for FA
= 1fold). At point ‘H’, glucose = 1.5 folds, Ps = 0.39; corresponding network representing
mildly anabolic conditions are shown in Figure S8.
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Figure 4. Effect of feedback and crosstalk perturbation in the network. (i) Knock out AKTp
positive feedback on IRS. The response remains non-anabolic and monostable for glucose
levels up to 2 folds. At point ‘I’ glucose = 1.5 folds and Ps = 0.44; corresponding network
diagram is shown in Figure S9. (ii) Knock out of Calcium positive feedback on cAMP.
Catabolic response is weakening slightly at subnormal glucose levels such that it becomes
homeostatic at glucose = 0.9 fold (at ‘J’ where Ps = 0.48; corresponding network diagram is
shown in Figure S10). (C) Decoupling of AKTp crosstalk PDE3. This leads to inactivation of
glucagon signalling module at subnormal glucose levels. (D) Decoupling of DAG crosstalk
with PKC. This leads to inhibition of insulin signalling module at high glucose levels up to 2
folds. This shows that the effects of both crosstalk are mutually independent, with AKTp
crosstalk PDE3 playing role at subnormal glucose levels and DAG crosstalk PKC playing role
at high glucose levels.

