
IET Systems Biology

Research Article

Deciphering the expression dynamics of
ANGPTL8 associated regulatory network in
insulin resistance using formal modelling
approaches

ISSN 1751-8849
Received on 19th February 2019
Revised 3rd August 2019
Accepted on 28th August 2019
E-First on 20th December 2019
doi: 10.1049/iet-syb.2019.0032
www.ietdl.org

Amnah Siddiqa1, Jamil Ahmad1,2 , Amjad Ali3, Sharifullah Khan4

1Research Center for Modelling and Simulation (RCMS), National university of Sciences and Technology (NUST), Sector H-12, Islamabad
46000, Pakistan
2Department of Computer Science and Information Technology, University of Malakand, Chakdara, Dir Lower, Khyber Pakhtunkhwa 18800,
Pakistan
3Atta-ur-Rahman School of Applied Biosciences (ASAB), National University of Sciences and Technology (NUST), Sector H-12, Islamabad
46000, Pakistan
4School of Electrical Engineering and Computer Science (SEECS), National University of Sciences and Technology (NUST), Pakistan

 E-mail: dr.ahmad.jamil@gmail.com

Abstract: ANGPTL8 is a recently identified novel hormone which regulates both glucose and lipid metabolism. The increase in
ANGPTL8 during compensatory insulin resistance has been recently reported to improve glucose tolerance and a part of
cytoprotective metabolic circuit. However, the exact signalling entities and dynamics involved in this process have remained
elusive. Therefore, the current study was conducted with a specific aim to model the regulation of ANGPTL8 with emphasis on
its role in improving glucose tolerance during insulin resistance. The main contribution of this study is the construction of a
discrete model (based on kinetic logic of René Thomas) and its equivalent Stochastic Petri Net model of ANGPTL8 associated
Biological Regulatory Network (BRN) which can predict its dynamic behaviours. The predicted results of these models are in-
line with the previous experimental observations and provide comprehensive insights into the signalling dynamics of ANGPTL8
associated BRN. The authors’ results support the hypothesis that ANGPTL8 plays an important role in supplementing the insulin
signalling pathway during insulin resistance and its loss can aggravate the pathogenic process by quickly leading towards
Diabetes Mellitus. The results of this study have potential therapeutic implications for treatment of Diabetes Mellitus and are
suggestive of its potential as a glucose-lowering agent.

1 Introduction
ANGPTL8 is a recently identified novel hormone and an atypical
member of Angiopoietin-Like Protein (ANGPTL) family [1].
Initial studies regarding the functional characterisation of
ANGPTL8 demonstrated its role as insulin and glucose stimulated
hormone with a physiological role in fasting to re-feeding
metabolic transition [1–3]. Its expression levels are reduced upon
fasting whereas nutritional stimulus elevates it through insulin
signalling (IS) pathway. Several independent efforts led to
identifying its unique functional roles including the regulation of
both lipid and glucose metabolic pathways which are
comprehensively reviewed in our previous work [4].

Its elevated expression levels have also been observed during
the compensatory (initial) insulin resistance phase [5]. Insulin

resistance is a pathological condition which is characterised by
impaired IS pathway and altered insulin sensitivity of the cells [6].
This could lead to elevated levels of blood glucose often coupled
with elevated lipids and insulin levels as well. Since IS pathway
regulates the systemic levels of different energy substrates
including glucose and lipids therefore upon perturbations it leads to
the gradual induction of their pathological levels. This information
has been used to characterise the stages of pathogenesis caused by
insulin resistance which is graphically illustrated in Fig. 1 [7–11]. 
Each stage is characterised with characteristic phenotypic traits
based upon the plasma levels of energy substrates and their
regulators (hormones/genes).

The initial phase of insulin resistance, in which there is a
compensatory increase of insulin (hyperinsulenemia) maintains the
homeostatic levels of glucose and is termed as stage II according to
[7]. This compensatory response has been observed and studied in
many physiological (gestation, obesity) and pathological (diabetes,
drugs induced) models of insulin resistance to increase our
knowledge regarding the adapted molecular circuits [5, 12–14].
Understanding the underlying mechanism regulating this
compensatory response (in maintaining normoglycemia) is
essentially a prerequisite for identification of the precise metabolic
circuits which have potential implications for the treatment of
Diabetes Mellitus and range of associated metabolic disorders.

Recently, ANGPTL8 has been demonstrated to play a role in
the compensatory phase of insulin resistance and associated
improved glucose tolerance in [5]. In this study, increased
expression of ANGPTL8 was observed in different mice models of
insulin resistance (such as obese, gestational, diabetic and S961
(insulin receptor inhibitor) treated) exhibiting the compensatory
response. They conducted a series of in-vivo and in-vitro
experiments which provided clues regarding the function of

Fig. 1  Stages of progression of Diabetes Mellitus from homeostasis:
Different pathogenic stages are characterised based on different phenotypic
features. These stages were hard bounded by [7]
(Abbreviations: NGT: Normal Glucose Tolerance; InS; Insulin Sensitivity; IR: Insulin
Resistance; IGT; Impaired Glucose Tolerance)
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ANGPTL8 during insulin resistance. In their study, over-
expression of ANGPTL8 in mice liver (its normal site of
expression) exhibited two responses, i.e. increased pancreatic beta
cell proliferation and improved glucose tolerance. The association
of ANGPTL8 with pancreatic beta cell proliferation was negated in
the upcoming several studies [15, 16]. However, the investigations
related to improvement of glucose tolerance by ANGPTL8 during
compensatory phase of insulin resistance were further pursued in
[12]. Their data demonstrated that ANGPTL8 is an important
player of glucose metabolism and plays crucial role in the gene
circuit which is involved in maintaining glucose levels under IS
pathway. They demonstrated through their experiments that
ANGPTL8 phosphorylates AKT at serine 473 which subsequently
inhibits FOXO and GSK3-β (Fig. 2A). FOXO is a transcription
factor which activates the gluconeogeneic (glucose formation)
program of the metabolism whereas GSK3-β inhibits the process of
glycogenesis (glycogen formation). Thus, their data support a
model of ANGPTL8 regulation in which the elevated expression
levels of ANGPTL8 during insulin resistance is a part of
cytoprotective adapted metabolic circuit which improves glucose
tolerance through AKT to FOXO and AKT to GSK3β signalling.
Moreover, they demonstrated through the experiments using
ANGPTL8 knock-out HepG2 cell lines that inhibition of
ANGPTL8 could accelerate the process of pathogenesis. These
observations opened up the new avenues for further investigations
regarding the therapeutic potential of ANGPTL8 in Diabetes
Mellitus and associated disorders. However, the exact signalling
entities and dynamics involved in this process have remained
elusive. Therefore as a first step, the molecular signalling pathway
of ANGPTL8 was designed in our previous work [4]. Moreover,
this study is a follow-up work conducted with a specific aim to
model the regulation of ANGPTL8 with emphasis on its role in
improving glucose tolerance during insulin resistance.

1.1 ANGPTL8 signalling pathway

The complete ANGPTL8 pathway which was constructed using
systematic literature and pathways database searches in our
previous work [4] is available at WikiPathways (ID = WP3915).
We extracted the feedback circuits involved in the transcriptional
regulation of ANGPTL8 from this pathway which are graphically
illustrated in Fig. 2 as discussed below. Feeding stimulates the

secretion of insulin from pancreatic beta cells which then initiates
the IS pathway in peripheral organs in an endocrine manner. The IS
pathway is initiated on binding of insulin with its receptor [17].
The phosphorylated receptor subsequently phosphorylates other
effector proteins including IRS1 (Insulin Receptor Substrate 1)
through its tyrosine kinase domain. The IRS then activates
phosphoinositide-dependent kinase-1 (PDK1) which
phosphorylates AKT at threonine 308 (T308) within the T loop of
its catalytic domain [18, 19]. The second phosphorylation of AKT
is performed by mTORC2 at serine 473 (S473) within the
hydrophobic motif located in a C-terminal [20, 21]. The full
activation of AKT requires both of these phosphorylatory events
and their complete mechanism is reviewed in another study [22].
Each phosphorylation confers AKT the ability to regulate different
set of effectors without requiring the other one [23, 24]. The
effector proteins of AKT include mTORC1 and FOXO
transcription factors. mTORC1 is involved in protein synthesis and
regulation of autophagy. It also activates S6K which regulates IS
through inhibition of IRS. S6K also activates the liver X receptors
(LXR)/SREBP-1 signalling (which is described in detail in [25–
28]). Additionally, mTORC1 reduces the activity of mTORC2
through inhibition of rictor [29]. SREBP has been demonstrated to
elevate the expression levels of ANGPTL8 through LXR
dependent mechanism [30]. Their data demonstrated the elevated
expression of ANGPTL8 in the presence of LXR agonists whereas
SREBP inhibition reduced its LXR dependent gene expression.
The LXR is a transcription factor which belongs to the nuclear
hormone receptor super family. It regulates cholesterol homeostasis
and bile acid metabolism [31].

FOXO transcription factors are important regulators of
adaptation to fasting and metabolic homeostasis [32]. It inhibits the
mTORC1 through transcription of sestrin3 and elevates the activity
of mTORC2 by transcription of rictor [33]. AKT expression is
stabilised through a feedback control between mTORC1 and
FOXO [24].

AKT activation regulates the glucose uptake and its metabolism
through a signalling cascade involving CBL signalling arm of the
pathway [34]. The X-5-p (xylulose 5-phosphate) and G-6-p
(glucose-6-phosphate) are phosphometabolites of the glycolysis
pathway which increases the translocation of the ChREBP in
nucleus by post translational modifications. However, the
transcription of ChREBP is regulated by LXR and THR
transcription factors [35]. ChREBP is a glucose responsive
transcription factor and is an important regulator of hepatic
lipogenesis. It has been demonstrated to increase the gene
expression of ANGPTL8 [36, 37]. The data of Fu et al. (2014)
reported the presence of a ChREBP binding site (−398 to −382) in
the promoter region of ANGPTL8 gene [36]. ANGPTL8 has been
demonstrated to be transactivated by thyroid hormone receptor
alpha and beta through T3 stimulation in human liver cell lines
(HepG2 and Huh7) [38]. Thyroid hormone receptors alpha and
beta belong to a class of steroid/nuclear hormone receptors super
family of ligand-dependent transcription factors. Tseng et al. [38]
demonstrated the THR α and β regulated transcription of
ANGPTL8 through the extensive in vivo and in vitro experiments.
T3 is an important regulator of energy expenditure and affects
several genes involved in cholesterol and carbohydrate metabolism
[39]. The expression of serum and intracellular T3 is itself under
nutritional regulation through IS pathway which allows induction
of DIO2 enzyme [40]. The study by Lartey et al. [40] revealed
insulin mediated activation of thyroid hormone activation by
relieving the FOXO mediated repression of DIO2 in MSTO-211H
cells and in the livers of LIRKO (Liver specific Insulin Receptor
Knockout) and LIRFKO (Liver specific Insulin Receptor and
FOXO1 Knockout) mice. DIO2-mediated T3 conversion is a major
pathway in the regulation of TH metabolism [39, 40].

1.2 Contribution

The study was conducted to provide a clear understanding of the
role of ANGPTL8 in glucose metabolism especially during insulin
resistance as observed in the experiments of [5, 12]. The main
contribution of this study is the construction of a discrete model

Fig. 2  Models of ANGPTL8 Regulation
(A) Model of ANGPTL8 regulation described by [12], (B) Regulation of ANGPTL8 in
IS pathway adopted from [4]
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(based on kinetic logic of René Thomas) and its equivalent
Stochastic Petri Net model of ANGPTL8 associated Biological
regulatory Network (BRN) which can predict its dynamic
behaviours. The predicted results of these models are in-line with
the previous experimental observations [12, 41]. Moreover,
additional novel signalling events are predicted with regards to the
role of ANGPTL8 in glucose metabolism. These results are in line
with previously reported role of ANGPTL8 as a glucose-lowering
agent for treatment of Diabetes Mellitus Type 2 and may
additionally provide comprehensive insights into the possible
signalling dynamics of ANGPTL8 associated BRN [12]. The

significance of this work lies in the fact that the regulatory
interactions of ANGPTL8 have been recently identified. Thus, to
the best of our knowledge this study would be the first step towards
providing any clue of the dynamics of the associated regulatory
machinery.

2 Materials and methods
The discrete (qualitative) modelling formalism based on the well-
known kinetic logic of René Thomas was used for analysing the
dynamics of ANGPTL8 associated BRN. For this purpose, the
parameterisation of the BRN was performed using SMBioNet [42].
Given the biological observations and interaction graph, SMBioNet
provides with the possible set of parameters which satisfy the
desired biological properties. The discrete modelling framework
illustrates the discrete dynamics of the system under study. To gain
mechanistic insights into its time-dependent dynamics, the discrete
model was converted into an equivalent Stochastic Petri Net using
the re-writing rules described in [43] and implemented in GinSim
tool [http://ginsim.org/.]. The formal definitions and application of
respective formalisms in sequence are discussed below. The
complete workflow of the study is provided in Fig. 3. 

2.1 Semantics of kinetic logic

Kinetic logic is a qualitative modelling approach based on logical
formalism which was introduced by René Thomas for the analysis
of BRNs [44]. It approximates the behaviour of linear differential
equations using asynchronous discrete dynamics based on
threshold levels. The BRN consists of known interactions among
the entities. Their regulations depend on the multi-valued discrete
threshold levels which are associated with each interaction. In
terms of biological entities like genes, proteins, and mRNA, the
activation and inhibition refer to the rate of increase or decrease in
their expression levels, respectively. The semantics of the kinetic
logic formalism adapted from [45–48] are provided in
Supplementary File 1.

2.2 Construction of BRN

Kinetic logic is a modelling approach suitable for the analysis of
relatively small BRNs [44]. It is because the increase in number of
the entities and interactions in the BRN exponentially increases
state space of the resultant discrete model which becomes difficult
to analyse. Therefore, the reduction of the large signalling
pathways is a prerequisite to make the analysis of discrete model
convenient. For example the ANGPTL8 signalling pathway is
composed of 17 entities (Fig. 2) which will result in the state graph
of 131,072 states (217

) upon simulation by considering the Boolean
expression levels for each entity. On the other hand, the reduced
BRN of ANGPTL8 ((See Section 3.1 below) is composed of 8
entities and would result in the state graph of 256 states (28

).
To cater this limitation of the kinetic logic, established

approaches of BRN reduction (as described by [49, 50]) have been
employed in the current work flow. These approaches, utilise rules
for iterative reduction of a BRN which implicitly preserves its
dynamical properties. Fig. 4 provides graphical illustration of two
examples for pathway reduction adapted from [50]. In Fig. 4A, an
entity a activates another entity b, which in turn activates the entity
c. The entity c forms a negative feedback loop by inhibiting the
entity a, in this example. This feedback loop can be reduced by
removing the entity b in the feedback loop which results in a
simpler relation between entities a and c as represented in Fig. 4B.
In the process of reduction, the behaviour of the removed entity b
was preserved implicitly through the activation of entity c by entity
a. Another example is illustrated through Fig. 4C in which an
entity x is inhibiting another entity y, where y is in turn inhibiting
the entity z. The net effect of activation of entity x on entity z is its
activation. The reduced relation between entity x and entity z is
provided in Fig. 4D by removing the entity y which is implicitly
taken into account through positive interaction between them.

These approaches have also been previously used in the logical
modelling and analysis of mTOR associated BRN [51],

Fig. 3  Steps and software tools used for the modelling and analysis of
ANGPTL8 associated BRN

 

Fig. 4  Examples of reduction of BRNs adapted from [50]
(A), (B) Show the negative feedback loop between the entities a, b, and c and its
reduced version, respectively. Entity a activates entity b, entity b activates entity c, and
entity c inhibits entity a forming a negative feedback. Entity b is shown with the
dashed oval in order to represent its removal in the reduced pathway. Similarly, (C),
(D) show the relationship between the entities x, y and z and their reduced relation,
respectively. The net effect of entity x on entity y is preserved implicitly in its reduced
BRN as shown in (D)
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hexosamine biosynthetic pathway [52], regulatory network of
dengue virus pathogenesis and clearance [45], toll-like Receptor 4
and JAK/STAT signalling pathways [53], and feeding regimen
induced entrainment of hepatocyte circadian oscillators [47].

2.3 Logical parameters estimation using SMBioNet

The k parameters in kinetic logic are unknown apriori. Hence, the
next legitimate step is the inference of the correct logical
parameters of the reduced BRN. Usually, these logical parameters
are based on the experimental data and/or observations which are
acquired from literature. However, these parameters are not
necessarily always available for all the entities such as, in the cases
of larger signalling pathways and the newly identified entities
(genes, proteins, metabolites). For such cases, Bernot et al. [54]
introduced formal methods-based model checking approach for
correct estimation of logical parameters of BRNs. It is a model
verification method for finite-state systems which is implemented
using SMBioNet (Selection of Models of Biological Networks)
tool [42]. It performs exhaustive state space search of finite state
systems based on the temporal logic formulas which are deduced
from experimental observations. This allows verifying the
existence of these properties in the entire set of states. The
temporal logical formalism used by SMBionet is computation tree
logic (CTL) which is able to cater the branching state space. The
CTL formulas use state and path quantifiers to describe the desired
biological properties and are discussed below:

• The first path quantifier ‘A’ corresponds to ‘for all paths’ and
specifies all trajectories originating from the current state
holding a given property.

• The second path quantifier ‘E’ corresponds to ‘there exists a
path’ and specifies at least one trajectory originating from the
current state holding a given property.

• The first state quantifier ‘G’ (globally) corresponds to ‘all
states’ which specifies that a given property holds in all states
including the current state.

• The second state quantifier ‘F’ (future) corresponds to ‘future
state’ which specifies that a given property may hold in one of
the future states.

• The last state quantifier ‘X’ (next) corresponds to ‘next state’
which specifies that a given property hold in the immediate
successor state.

• The symbol ⇒ corresponds to the logical implication.

The interaction graph (BRN) and the CTL formulas are provided as
input to the SMBioNet which then generates all the possible
parameters sets. These parameter sets are then verified and selected
for further analysis on the basis of the provided CTL formulas by a
model checker NuSMV [42, 55]. This method for estimation of

logical parameters of different BRNs has been used previously in
[45, 46, 51–53]. Moreover, we refer our readers to [42, 56–58] for
a comprehensive literature review of the methodology used for
logical parameters estimation.

2.4 Analysis of discrete model (state graph)

Graph theory is a mathematical formalism used for studying the
graph-based structures [59]. It allows the analysis of the large
graphs based on their topological (structural) properties. It has been
widely used to analyse different types of biological networks [60–
65]. It is also helpful for the analysis of large discrete models of
associated BRNs to identify the key properties such as cycles and
stable states (SS). Betweenness centrality is one of the graph-
theoretic measures which computes the tendency of a node to occur
in all of the shortest paths in a network [66, 67]. It is often used to
rank the nodes to assess their topological significance. The nodes
with larger betweenness centrality indicate the larger tendency of
the node for its occurrence in all of the shortest paths of a network.
It is thus a ranking measure for assessment of their viability and
frequency of expression [68–70]. This approach has been
previously used to analyse the discrete models of mTOR associated
BRN [51], hexosamine biosynthetic pathway [52] and hepatic
circadian system [47]. It was similarly deployed to analyse the
discrete model of ANGPTL8 associated BRN.

2.5 Petri net modelling and analysis

Petri net is a very powerful and intuitive mathematical formalism
for the modelling of real systems. It was developed by Carl Adam
Petri in 1939 to model biochemical systems [71]. Since then, it has
been used to model a range of biological systems based on its
tendency to model both the discrete and continuous systems with
flexibility and simplicity of representation [72–79]. Moreover, the
simulations of these models allow us to view the time-dependent
dynamic behaviours of the systems under study. The Petri net
models provide the biologists with sound experimenting platform
to test and analyse their hypotheses. We direct our readers to [80–
82] for a comprehensive explanation of Petri net methodology and
its applications.

2.5.1 Semantics of Petri net: A Petri net is a bipartite graph
comprising of two types of nodes, i.e. places and transitions. Places
are represented by circles and transitions are represented by bars or
squares (Fig. 5). As per rule, a directed arc connects a place with a
transition and vice versa. In a biological system, a place represents
the entities such as, chemical compound, protein, gene, mRNA,
metabolites etc. while a transition represents a chemical reaction or
biological process. Different types of biological processes such as,
association, dissociation, transcription, translation and cellular
translocation are graphically illustrated with Petri net formalism in
Fig. 6 (adopted from [83]). The tokens (black dots) or real numbers
in the places are used to model the quantities of the entities
(Fig. 5). The transitions in a Petri net models the flow of these
tokens from pre-places to post-places. The transition is said to be
enabled if the marking of its pre-places is equivalent to the
multiplicity of the arcs connecting them. An enabled transition may
fire which means tokens move from pre-places to post-places
according to the multiplicity of respective arcs. At a time instant t,
the markings of all places of a Petri net specifies its state. The
formal semantics of Petri nets adapted from [80, 83] are provided
in Supplementary File 1. Readers are directed to several recent
studies for more insights into the application and usage of Petri
nets in modelling biological systems [84–86].

3 Results and discussion
3.1 Construction of BRN of ANGPTL8

The signalling pathway constructed from the existing literature on
the interactions of ANGPTL8 (Fig. 2) was reduced to a BRN
consisting of 8 genes (AKT, FOXO, mTORC1, mTORC2, SREBP,
ChREBP, ANGPTL8, and THR) and 15 interactions (Fig. 7). The

Fig. 5  Example of Petri nets representation of a chemical reaction
(A) Chemical reaction describes formation of hydrochloric acid (HCl), (B) Petri net
representation of the chemical reaction before formation of HCl. The tokens in the pre-
places corresponds to the concentrations of the H+ ions and Cl

− ions indicating that
the reaction has not occurred yet, (C) Petri net representation of the chemical reaction
after firing of the transition indicating the formation of HCl. The token in the post-
place corresponds to the concentrations of the HCl
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reduction of the signalling pathway is based on the approach
described by [49, 50] and explained in Section 2.

The BRN is composed of well-known regulatory circuits
involved in maintaining the homeostasis of glucose and lipid
metabolism through the IS pathway (discussed in Section 1).

Moreover, it has been enriched with the new regulatory
information with respect to ANGPTL8. Thus, the BRN captures all
the important feedback motifs involved in its regulation with
special emphasis on its transcriptional activation. The BRN is
composed of several positive and negative feedback circuits. A
positive feedback circuit is composed of even number of inhibitor
arcs and is a necessary condition for bistability (two stable steady
states). A negative feedback loop, on the other hand is comprised
of odd number of negative elements and results in sustained
oscillations. It can be observed in the ANGPTL8 associated BRN
that two transcription factors (SREBP and THR) of ANGPTL8 are
the part of positive feedbacks (Fig. 7).

3.2 Logical parameters estimation using SMBioNet

The correct logical parameters estimation is required for the
construction of a discrete model. The logical parameters of the
ANGPTL8 associated BRN were estimated using the model
checking tool SMBioNet [42]. The complete source code for the
computation of parameters values using SMBioNet is provided in
Supplementary File 2. The first section entitled ‘VAR’ enlists the
allowed discrete values for all the eight entities of the BRN of
ANGPTL8 (AKT, FOXO, mTORC1, mTORC2, SREBP, ChREBP,
ANGPTL8, THR). The allowed minimum and maximum levels
were selected 0 and 1, respectively. Each interaction of the BRN
was defined in the second section entitled ‘REG’. Each interaction
is defined by listing its source entity followed by its threshold level
required to induce the activity of the target entity. It is followed by
listing the name of the target entity. For example, the interaction of
the BRN in which SREBP is activating ANGPTL8 with a threshold
level 1 is defined as SREBP [(SREBP ≥ 1)] ≥ ANGPTL8. Similarly,
all the interactions of ANGPTL8 associated BRN were provided in
the SMBioNet input file (Supplementary File 2). The next section
entitled ‘PARA’ defines the logical parameters based on resources
of each entity present in the ANGPTL8 associated BRN. The
values of these parameters can be fixed based on the known
biological relationship between entities acquired from literature.
However, the values for the unknown parameters are left
unrestricted which are selected after simulation based on the CTL
formulas provided in the fourth section entitled ‘CTL’. The CTL
formulas are derived from the qualitative expression levels of the
entities as observed during homeostasis or pathogenic conditions of
the system under study. They imitate the biological behaviours of
the system in the form of paths, cycles and the SS. The CTL
formulas used for the inference of the logical parameters of
ANGPTL8 associated BRN are listed in Table 1. They are based on
the qualitative biological observations obtained from the literature
[12, 24, 41, 87].

The CTL formula 1 specifies the existence of homeostatic
behaviour of the entities present in the BRN. It postulates that the
system is cyclic and starting from an initial configuration (AKT = 0
& FOXO = 1 & mTORC1 = 0 & mTORC2 = 1 & SREBP = 0 &
ANGPTL8 = 0 & ChREBP = 0) representing the metabolic state
in the absence of a nutritional stimulus, it can reach back to this
state from its successor states. CTL Formula 2 enforces the
condition of insulin resistance as described in [12, 41]. It states that
the system starting from an initial configuration (AKT = 0 &
FOXO = 1 & mTORC1 = 0 & mTORC2 = 1 & SREBP = 0 &

Fig. 6  Examples of Petri nets representation in biological processes
adapted from [83]
(A) Complexation or association process is represented with Petri nets. Two pre-places
represent the substrates or protein that can form a complex represented by a single
post-place, (B) De-complexation or disassociation process is represented with Petri
nets. A single pre-place represents a complexed protein or entity which can be broken
down into two different proteins or entities represented with post-places, (C)
Enzymatic reaction is described with Petri net representation. The pre-place which
connects with the transition with a rounded arrow depicts the enzyme which is used as
a catalyst without consumption. This type of arc is called a read arc. The second pre-
place depicts the substrate protein and the transition corresponds to the enzymatic
reaction, (D) Cellular translocation process is represented, (E), (F) Protein synthesis
and degradation processes are described using petri nets

 

Fig. 7  BRN of ANGPTL8: The abstraction of ANGPTL8 signalling was
performed using the reduction rules of logical modelling. The resultant
BRN consists of 8 genes and 15 interactions. The ‘+’ and ‘−’ signs
correspond to the positive and negative regulations, respectively

 

Table 1 CTL formulas used to derive the kinetic parameters of ANGPTL8 associated BRN
State CTL Formulas References
homeostasis ((AKT = 0&FOXO = 1&mTORC1 = 0&

mTORC2 = 1&SREBP = 0&ANGPTL8 = 0&

ChREBP = 0) ⇒ EX(EF(AKT = 0&FOXO = 1&

mTORC1 = 0&mTORC2 = 1&SREBP = 0&

ANGPTL8 = 0&ChREBP = 0)))

[24, 87]

insulin resistance ((AKT = 0&FOXO = 1&mTORC1 = 0&

mTORC2 = 1&SREBP = 0&ANGPTL8 = 0&

ChREBP = 0) ⇒ EF(AG(AKT = 1&FOXO = 0&

SREBP = 1&ANGPTL8 = 1&ChREBP = 1)))

[12, 41]
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ANGPTL8 = 0 & ChREBP = 0) (representing the normal
metabolic state in the absence of feeding signal) may lead towards
a pathogenic state with the configuration (AKT = 1 & FOXO = 0

& mTORC1 = 1 & mTORC2 = 0 & SREBP = 1 &
ANGPTL8 = 1 & ChREBP = 1).

The BRN (Fig. 7) and CTL formulas (Table 1) were provided as
input to the SMBioNet which then returned four different set of
parameters satisfying these formulas (Supplementary File 2). The
values of two parameters (KAKT{MTORC2} and
KSREBP{MTORC1}) were different in the generated sets which
were screened manually and selected as follows: 

• The parameter KAKT{mTORC2} depicts the level of AKT in the
presence of its inhibitor mTORC1 and its activator mTORC2.
mTORC1 is the inhibitor of not only AKT but also mTORC2, in
the ANGPTL8 associated BRN. Therefore, we selected the
value 0 for this parameter. This left in the selection of single
model whose parameters are listed in Table 2.

• The value of the parameter KSREBP{mTORC1} depicts the level
of SREBP in the presence of its inhibitor FOXO and its activator
mTORC1. Its value was 0 in the model based on the previous
selection. This selection is also supported by the inhibitory
influence of FOXO on SREBP and mTORC1 in the ANGPTL8
associated BRN.

Table 2 shows the complete list of parameters of ANGPTL8
associated BRN, along with their resources, allowed range of
values and the selected values of the model for subsequent
analysis.

3.3 Analysis of discrete model

The discrete model of the ANGPTL8 associated BRN was
constructed using GENOTECH [https://github.com/
DrJamilAhmad/GENOTECH/blob/master/GenoTechE.jar]
software [88]. It requires the BRN and appropriate set of
parameters to generate the discrete model (state graph). The BRN
file constructed in GENOTECH is attached as Supplementary File
3. The discrete model was further analysed using the Cytoscape
which is a network visualisation and analysis software [89].

The discrete model of ANGPTL8 associated BRN consists of
256 states 1024 edges which is graphically illustrated in (Fig. 8)
and rendered using Cytoscape (provided as Supplementary File 4). 
The states have been analysed using betweenness centrality which
is used to classify them in different sizes and colours. The darker
colours and smaller sizes correspond to low betweenness centrality
of the states and brighter colours and large sizes correspond to the
high betweenness centrality of the states. The model reveals
several interesting behaviours including the trajectories among
homeostatic states and stable state (also called deadlock or sink
state). A stable state (11001111) which corresponds to insulin
resistance is observed in this model. The entities follow the order
(AKT , mTORC1, mTORC2, FOXO, ANGPTL8, THR, ChREBP,
SREBP)

 in

all qualitative states. The stable state shows the high expression
levels of ANGPTL8 along with AKT, mTORC1, THR, ChREBP
and SREBP demonstrating the activation of lipogenic processes.
Moreover, the expression of gluconeogeneic genes which is mainly
regulated by FOXO transcription factors is downregulated in this
state. These results are in agreement with the widely accepted
model of insulin resistance [41]. This model suggests that insulin
resistance is a multiple-hits-based pathogenic process. It
progressively leads to Diabetes Mellitus and other metabolic
disorders through successive accumulation of disordered regulation
of genes and metabolites. When the energy intake (through
increased food) is increased, our body starts producing more
insulin which is the first step of the insulin resistance [5, 7, 12, 13].
It enhances the lipogeneic (lipid forming) metabolic circuit through
sustained activation of SREBP1c, ChREBP and LXR transcription
factors whereas it strongly represses the gluconeogenic processes
through inhibition of FOXO. The continuous lipogenesis can
produce harmful metabolites as by-products such as,
Diacylglycerols (DAGs), ceramides and reactive oxygen species
which may later lead to the activation of FOXOs and initiate the
inflammation processes as well [41, 90, 91]. Thus, the twin
abnormalities, i.e. gluconeogenesis and lipogenesis are exhibited at
the same time which is a characteristic feature of Diabates Mellitus
type 2 (Fig. 1).

Moreover, the model reveals the trajectories between
homeostatic states corresponding to the behaviour of these entities
under normal cellular conditions. The outermost cycle of the
discrete model (Fig. 8) corresponds to the homeostatic states. The
states in the second and third circles correspond to the states which
occur when the system is perturbed and immediately leads to the
deadlock state, respectively. Among these, several bifurcation
states can occur which can diverge the system towards the
deadlock or back to the homeostatic states depending on the
regulatory events. These bifurcation states are important
determinants to understand the regulatory events important for
maintaining homeostasis and pathogenesis induction. Since the
model is too large for analysis we isolated a subgraph which shows

Table 2 Logical parameters are estimated by using
SMBioNet. The third column indicates the resources. The
fourth indicates the permissible expression levels. The fifth
column (selected values) shows final values of logical
parameters, computed by using SMBioNet
No Parameter Resource Allowed

range of
values

Selected
values

1 KAKT {} 0 0
2 KAKT {ANGPTL8} 0,1 1
3 KAKT {mTORC1} 0 0
4 KAKT {mTORC2} 0,1 0
5 KAKT {ANGPTL8,mTORC1} 1 1
6 KAKT {mTORC1,mTORC2} 1 1
7 KAKT {ANGPTL8,mTORC2} 0,1 1
8 KAKT {ANGPTL8, mTORC1,

mTORC2}
1 1

9 KFOXO {} 0 0
10 KFOXO {AKT} 1 1
11 KmTORC1 {} 0 0
12 KmTORC1 {AKT} 0 0
13 KmTORC1 {FOXO} 1 1
14 KmTORC1 {AKT,FOXO} 1 1
15 KmTORC2 {} 0 0
16 KmTORC2 {FOXO} 1 1
17 KmTORC2 {mTORC1} 0 0
18 KmTORC2 {FOXO,mTORC1} 1 1
19 KTHR {} 0 0
20 KTHR {FOXO} 1 1
21 KSREBP {} 0 0
22 KSREBP {FOXO} 0 0
23 KSREBP {mTORC1} 0,1 0
24 KSREBP {FOXO,mTORC1} 1 1
25 KANGPTL8 {} 0 0
26 KANGPTL8 {ChREBP} 1 1
27 KANGPTL8 {THR} 1 1
28 KANGPTL8 {SREBP} 1 1
29 KANGPTL8 {ChREBP,SREBP} 1 1
30 KANGPTL8 {ChREBP,THR} 1 1
31 KANGPTL8 {SREBP,THR} 1 1
32 KANGPTL8 {ChREBP,SREBP,THR} 1 1
33 KChREBP {} 0 0
34 KChREBP {AKT} 1 1
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step-by-step transitions of different bifurcation states leading
towards and from the deadlock state (Fig. 9). The bifurcation states
(11000111), (11011111), (01001111) and (10001111) leads the
system back to homeostasis through following successor states
(11111111), (11011110), (11011011), (01011111), (10011111),
(10001110), (01001101), (01000111) (Fig. 9). Analysis of these
successor states revealed decrease in the expression of genes AKT,
ChREBP, SREBP, ANGPTL8, mTORC1 and THR along with an
increase in the expression of genes FOXO and mTORC2. Similarly
the transitions leading the bifurcation states towards the pathogenic
state (11001111) exhibited an increase in expression of genes AKT,
ChREBP, SREBP, ANGPTL8, mTORC1 and THR along with a
decrease in the FOXO and mTORC2 expression. These
observations were utilised to estimate the parameters of Petri net
model to exhibit the homeostatic and insulin resistance behaviour
in simulation graphs by trial and error.

3.4 Validation of qualitative model with ASP

We have tested the BRN for the static analysis using the Pint tool
which is a static analyser for automata networks and can be
accessed at [https://loicpauleve.name/pint/.]. It is based on the
Answer set programming (ASP) language which can compute all
of the fixed points (SS) of the discrete model [51, 92, 93]. The
static analysis of SS of our discrete model by Pint tool also
includes the deadlock state identified in our discrete model, i.e.
(1,1,0,0,1,1,1,1) following the order of entities as (AKT, mTORC1,
mTORC2, FOXO, ANGPTL8, THR, ChREBP, SREBP).

3.5 Petri net modelling and analysis

The BRN of ANGPTL8 was converted into an equivalent
stochastic Petri net according to the methods described above. The
complete Petri net of ANGPTL8 associated BRN is provided in the
Supplementary File 5. It consists of 16 places, 22 transitions and
116 arcs. Two parameter sets were generated to visualise the
homeostatic and stable state behaviours as observed in the discrete
model by trial and error and described below (Table 3). These
parameters calculate the random time delay variables for the time
of activation, i.e. reaching from lower level to higher level and the
time of inhibition that is reaching from high level to low level
based on the expression of states already present in the discrete
model. Moreover, an additional scenario was modelled comparable
with the experiments of [12] to scrutinise the role of ANGPTL8
during insulin resistance. Every simulation was performed 1000
times to compute the average time course. The Petri net model
exported in SBML format using Snoopy tool is provided as
Supplementary File 6.

We also conducted the structural analysis of the Petri net by
using Charlie Petri net analyser [94] which is provided as
Supplementary Files 7–9. Several structural properties including
connectedness and invariants were analysed and identified which
are described in detail in [95–97]. The Petri net was found to be
connected which biologically means that all of the components in a
system are directly or indirectly connected with each other and thus
contributes in the system stability. The P-invariant analyses
identified a total of 8 p invariants corresponding to the pairs of
each entity displaying their presence and absence (Supplementary
File 8). The p invariants demonstrate the preservation of the token

Fig. 8  Discrete model (state graph) of BRN of ANGPTL8
(A) Deadlock state (1,1,0,0,1,1,1,1) corresponding to insulin resistance is observed. It is shown with the smallest circle of red colour in the middle of the state graph. The states in the
circles, (B), (C) Correspond to the perturbation and immediate neighbouring states of deadlock, respectively. The states in outer most circle (A) corresponds to the homeostatic states.
The entities in all qualitative states follow the order (AKT , MTORC1, MTORC2, FOXO, ANGPTL8, THR, ChREBP, SREBP)
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(expression level) capacities of the entities. The T-invariant
analyses identified 16 t invariants corresponding to the firing
sequences which can reproduce the homeostatic marking
(Supplementary File 9). All of these properties are in line with the

minimal rules that a Petri net should satisfy to be considered
biologically reliable [96, 97].

3.5.1 Homeostasis: The IS pathway is initiated upon insulin
binding to its receptor. The signalling cascade activates the energy
storage and utilisation gene circuits by activation of mTORC1,
SREBP1C, and ChREBP which bifurcates downstream of kinase
protein AKT [24, 98, 99]. ANGPTL8 is also induced upon feeding
through IS pathway and is regulated by three transcription factors
which include THR, ChREBP and SREBP [2, 36–38]. All of these
proteins, mTORC1, SREBP1C, ChREBP, THR and ANGPTL8
have been shown to be involved in lipid and glucose metabolism
by activating lipogeneic program and cellular glucose transport and
its utilisation. On the other hand, AKT also inhibits the
gluconeogenesis through inhibition of FOXO proteins. The AKT
signalling is inhibited through the signalling events downstream of
mTORC1 (Fig. 7). Thus, the entities of ANGPTL8 associated BRN
oscillates during the homeostasis where FOXO shows a decrease
when AKT increases (upon fed signal) and it subsequently
increases when the fed signal diminishes (Fig. 10). The simulation
graphs of each entity are shown in Fig. 10 which are coherent with
the biological behaviours of these entities as observed in
experimental studies [24, 41, 98–100]. These graphs depict the
timed dynamics of the discrete transitions as observed and verified
in the discrete model of ANGPTL8 (Fig. 8).

3.5.2 Insulin resistance: Insulin resistance is a heterogeneous
pathogenic process and it starts with elevated systemic insulin due
to increasing requirements of the body (such as, in obesity, over-
nutrition) for energy storage [6, 41, 99, 101, 102]. This causes the
sustained activation of AKT, ChREBP, LXR and SREBP1C along
with inactivation of FOXO proteins [41]. Previous studies have
demonstrated that ANGPTL8 is also increased during insulin
resistance [5, 12]. We also verified the over-expression of
ANGPTL8 in different models of insulin resistance in our previous
study [103]. The kinetic parameters of the Petri net of ANGPTL8
associated BRN which diverges the system towards insulin
resistance are provided in Table 3. The simulation graphs of each
entity corresponding to the insulin resistance state are illustrated in
Fig. 11. The graph shows the sustained activation of AKT,

Fig. 9  Subgraph of discrete model illustrating transitions of bifurcation states towards deadlock and homeostatic states
(A) Homeostatic states which are either leading to or are reached back from the bifurcation states are shown, (B) Perturbation states involved in the trajectories which are either
leading towards homeostasis or pathogenesis states are shown, (C) Immediate neighbours of deadlock are shown, (D) Deadlock state (1,1,0,0,1,1,1,1) corresponding to insulin
resistance is shown. The entities follow the order (AKT , mTORC1, mTORC2, FOXO, ANGPTL8, THR, ChREBP, SREBP) in all qualitative states

 

Table 3 Kinetic parameters of Petri Net of ANGPTL8
associated BRN. Two set of parameters are estimated
corresponding to the homeostasis and insulin resistance
behaviours of entities as identified in the discrete model
based on the observations from reported literature [12, 24,
41, 87]
S.no Transition name Parameter values

for homeostasis
Parameter values

for stable state
1 t_AKT_0n 2 1
2 t_AKT_1p 0.02 1
3 t_AKT_2p 0.2 1
4 t_AKT_3n 2 1
5 t_AKT_4p 3 1
6 t_ANGPTL8_0n 12 1
7 t_ANGPTL8_1p 3 1
8 t_ANGPTL8_2p 0.02 1
9 t_ANGPTL8_3p 0.2 1
10 t_CHREBP_0n 2.2 1
11 t_CHREBP_1p 0.02 1
12 t_FOXO_0p 2 0.8
13 t_FOXO_1n 0.3 2
14 t_MTORC1_1p 0.2 3
15 t_MTORC1_1n 1 0.02
16 t_MTORC2_1n 0.3 0.8
17 t_MTORC2_1p 7 5
18 t_SREBP_0n 7 0.05
19 t_SREBP_1p 0.2 1.5
20 t_SREBP_2n 2.5 0.05
21 t_TR_0n 0.1 3
22 t_TR_1n 0.2 0.02
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ANGPTL8, SREBP1C, mTORC1, ChREBP, and THR along with
the sustained inactivation of mTORC2 and FOXO. These results
are in agreement with the previous experimental studies [5, 12, 41].
In the previous model of ANGPTL8 regulation, authors explained
through the series of their in-vitro experiments that ANGPTL8 is
involved in phosphorylation of AKT at serine 473 which is
sufficient to inhibit FOXO and GSK3-β during homeostasis and
insulin resistance [12, 24]. Their data indicates an increase in
ANGPTL8 and AKT concentration during insulin resistance along
with a decrease in FOXO and GSK3β. This trend is clearly visible
in the simulation graphs (Fig. 11) of the Petri net model of
ANGPTL8 associated BRN.

3.5.3 ANGPTL8 knockout in insulin resistance: A gene
knockout (KO) is a genetic technique which makes a gene
inoperable [104]. This means that a knocked out gene cannot be
synthesised to its functional form. Such studies are conducted to
assess the functional roles of the genes upon their loss on the
regulation of the system under study. The Petri nets-based KO
analysis and methodologies have been described previously in
[105, 106]. We modelled a gene KO scenario of ANGPTL8 similar
to the in-vivo experiments of [12] to scrutinise the role of
ANGPTL8 in insulin resistance. In the experiments of [12], an
ANGPTL8 KO HepG2 cell line was used to assess its functional
importance during insulin resistance. We imitated this scenario by
setting the rates of formation and degradation of ANGTPTL8 equal
to 0 in the Petri net model. For the rest of the transitions, the same
rates were used which were generated to model insulin resistance
state as mentioned in Table 3. The simulation graphs of each entity
according to this scenario revealed comparable results with the
observations of [12] (Fig. 11). The levels of AKT, ChREBP and
FOXO were significantly altered in the ANGPTL8 KO experiment.
AKT was not phosphorylated and its expression was reduced due
to KO of ANGPTL8. On the other hand, the expressions of FOXO

were elevated due to the absence of AKT. Both of these results are
in-line with the experimental observations of [12] and support their
hypothesis that ANGPTL8 is involved in improving glucose
tolerance through AKT phosphorylation (serine 473) during insulin
resistance. Their model suggested that the increased ANGPTL8
during insulin resistance is a part of an adapted cyto-protective
metabolic circuit. Thus, it improves glucose tolerance by the
substrates of AKT (including FOXO and GSK3-β) dependent on
its serine phosphorylation [24] through inhibition of
gluconeogenesis and activation of glycogenesis. Moreover, our
results demonstrated additional signalling events that are involved
in the improved glucose tolerance by ANGPTL8 during insulin
resistance. The expression of ChREBP was also reduced which is
dependent for its activation on the serine 473 phosphorylation
event of AKT (Fig. 12). The signalling events leading to the
ChREBP activation through this signalling event is shown in Fig. 2
and have been discussed comprehensively in [4]. ChREBP is a
glucose mediated transcription factor which regulates glycolysis
and lipogenesis through the transcription of key enzymes [107].
Overall, the role of ANGPTL8 in glucose metabolism is supported
through FOXO, GSK3-β and ChREBP mediated signalling events
according to our results.

The expression of the entities in ANGPTL8 KO experiment of
Petri net (Fig. 12) resembles the characteristic behaviour of
Diabetes Mellitus as described in [12, 41]. In Diabetes Mellitus,
both the gluconeogenic processes (regulated by FOXOs mainly)

Fig. 10  Gene expressions of all entities of the Petri net model of
ANGPTL8 associated BRN during homeostasis. Every simulation was
performed 1000 times

 
Fig. 11  Gene expressions of all entities of the Petri net of ANGPTL8
associated BRN during insulin resistance. The expression of AKT,
mTORC1, THR, ChREBP, SREBP and ANGPTL8 are elevated. The
expressions of FOXO and mTORC2 exhibit sustained repression. The
results are in-line with the experimental observations of [5, 12, 41]. Every
simulation was performed 1000 times
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and lipogeneic processes (regulated by ANGPTL8, SREBP,
ChREBP, and mTORC1) occur together [41]. Thus, our results
revealed that the loss of ANGPTL8 can accelerate the process of
pathogenesis. This supports the hypothesis of [12] that ANGPTL8
could be useful in the management of Diabetes Mellitus as a
glucose lowering agent.

4 Concluding remarks
ANGPTL8 has been demonstrated to play crucial role in glucose
homeostasis during insulin resistance. In this study, we sought to
elucidate its role in glucose homeostasis to allow its assessment as
a glucose lowering agent as proposed in [12]. As a first step, we
constructed the ANGPTL8 signalling pathway by integrating its
regulatory information [4]. In this follow-up study, we isolated
important signalling feedback circuits from this pathway and
constructed its BRN using the methods of reduction [49, 50]. The
kinetic parameters of the BRN were estimated using computational
tree logic (CTL) which is a model checking approach. It encodes
the biological behaviours into CTL formulas which are verified for
their existence in the subsequent discrete model. The discrete
model of ANGPTL8 (based on the selected kinetic parameters
from the previous step) revealed regulation of the entities in
homeostasis and insulin resistance, in-line with the previous
studies. This model was converted into a stochastic Petri net to
simulate the time dependent dynamics of this model. The predicted
results are in agreement with the previous experimental
observations of [12] in exhibiting the sustained elevated and
reduced expression levels of AKT and FOXO, respectively during
insulin resistance. Moreover, it provides new insights on the role of

ANGPTL8 by exhibiting the low levels of ChREBP through
ANGPTL8 KO experiment. Our results support the hypothesis of
[12] on the role of ANGPTL8 in supplementing the IS pathway
during insulin resistance in comparison to homeostasis. It
demonstrates that ANGPTL8 improves glucose tolerance during
insulin resistance through AKT serine (473) phosphorylation which
regulates FOXO, GSK3β and ChREBP. The ANGPTL8 KO
experiment further demonstrates that the loss of ANGPTL8 can
aggravate the pathogenic process and can quickly lead towards
Diabetes Mellitus. Thus, the results of this study could help in
further delineating and verifying the role of ANGPTL8 as a
therapeutic target for treatment of Diabetes Mellitus and related
disorders. However, its therapeutic potential cannot be assessed
without fully comprehending its role in lipid metabolism as well
which involves organ crosstalk. Therefore, similar studies which
could delineate the role of ANGPTL8 in lipid metabolism are
suggested for future investigations.
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