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Abstract. In many complex biological processes quantitative data is
scarce, which makes it problematic to create accurate quantitative mod-
els of the system under study. In this work, we suggest that the Qualita-
tive Networks (QNs) framework is an appropriate approach for modeling
biological networks when only little quantitative data is available. Using
QNs we model a metabolic network related to fat metabolism, which
plays an important role in type-2 diabetes and obesity. The model is
based on gene expression data of the regulatory network of a key tran-
scription factor Mlxipl. Our model reproduces the experimental data and
allows in-silico testing of new hypotheses. Specifically, the QN framework
allows to predict new modes of interactions between components within
the network. Furthermore, we demonstrate the value of the QNs ap-
proach in directing future experiments and its potential to facilitate our
understanding of the modeled system.

Keywords: computational modeling, Qualitative Networks, metabolic
pathways, obesity, type-2 diabetes, Mlxipl.

1 Introduction

One of the key objectives of systems biology is to understand the behavior of
cellular signaling- and transcription-networks. High-throughput techniques en-
able the accumulation of large amounts of data relating to the behavior of these
networks. However, we need to establish the ways and methodologies to orga-
nize this data into a coherent whole that sheds light on the underlying biologi-
cal system. In recent years, different modeling approaches have been suggested
and used to this end. For example, differential equations and Boolean Networks
[3,5,8,16,17]. It is clear that for different networks and different kinds of data,
different approaches may need to be taken. Many modeling techniques require
accurate quantitative data in order to calibrate and set the values of certain
“constant rate” parameters. Our main interest is the case where such accurate
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data is missing but still there is a need to create formal executable models that
help analyze and understand large amounts of qualitative data.

In this paper we advocate the usage of the Qualitative Networks framework
[12] as a means for modeling metabolic and transcriptional networks. Qualitative
Networks are an extension of Boolean Networks. The network associates vari-
ables that range over finite (and usually very small) domains with each of the
substances of the network. All variables are updated synchronously in discrete
computation steps that are intended to abstract the continuous deterministic
evolvement of models described by differential equations. In every step of the
system a variable may either increase by one, decrease by one, or remain un-
changed. The changes of variables are determined by so called target functions
that given the current state of the network (i.e., the value assignment to each
one of the variables) compute the target value for each substance. This sub-
stance then changes in increments / decrements of one until reaching this value
(assuming that the value of the target function does not change). Qualitative
Networks have several characteristics that arise from their underlying semantics.
The system can be in one of a finite number of states (value assignments to all
the variables) and as the system is deterministic the execution of the system
inevitably terminates in a loop.

There are mainly two analysis techniques that are applied to Qualitative Net-
works. The first is the execution of a network from a given initial state. In
such a simulation, the changes in values of substances are followed over time
from a given initial state and mimics specific evolutions of the system. In order
to compare such simulations to evolutions of the underlying biological system
several measurements of the level of substances in the biological system over a
short period of time need to be available. While this information is very use-
ful for debugging and understanding the way the model works, such accurate
experimental data is very hard to come by and is almost impossible to find. A
second analysis technique is to find the set of stable states (or stable loops) of
the model. These are the states in which the model can remain looping forever.
Usually, these are computed for a large number of initial conditions simultane-
ously. These states relate to the stable states of the biological system and their
analysis can relate to the values of substances in the stable states of the system.
Experimentally, these values are easier to come by with as they correspond to
measurements in a single time point and in constant conditions that are easier
to maintain. Technically, we use symbolic state-space analysis techniques [1] in
order to efficiently and practically compute the set of stable states of large qual-
itative Networks. We then compare the values of variables in these stable states
against data extracted from experimental data.

We illustrate the suitability of Qualitative Networks to modeling of metabolic
networks in the case where quantitative data is not available. We show that even
with restricted amounts of data, Qualitative Networks can still suggest useful
hypotheses that lead to new avenues to explore experimentally and interesting
insights. This is demonstrated through an extensive case study of a metabolic
and transcriptional interaction network involved in obesity and type-2 diabetes
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mellitus (T2D). In both diseases, metabolic and inflammatory pathways play
important roles [19] as their dysregulation can lead to insulin resistance which is
a characteristic symptom of obesity and T2D [10,11,15]. Nowadays, T2D affects
over 110 million people worldwide and, as well as obesity, it highly increases the
risk of cardiovascular disease, blindness, amputation and kidney failure [9,10].
With cardiovascular disease being a major cause of mortality, T2D and obesity
pose a significant threat to global health [9,19].

Our model is based on unpublished data by Scott and colleagues [15]. The
data was obtained in a study looking at macrophage infiltration and gene expres-
sion profiles in insulin-responsive tissues of C57Bl6 mice which are susceptible to
these metabolic diseases. To determine the onset of inflammation and metabolic
disturbance in adipose tissue, mice were fed a high saturated fat diet. The data
includes gene expression measurements in white adipose tissue in mice, per-
formed at two days, eight days, three weeks, and 15 weeks after the beginning
of a fat-feeding process. We concentrate on the measurements at eight days and
15 weeks as understanding the differences between the gene expression levels in
these time points could help understand the difference between processes oper-
ating during early onset of T2D and obesity (8 days) and the chronic disease
stage (15 weeks) [15]. For the computational model, we used gene expression
data obtained from white adipose tissue in the gonadal region of male mice.
Scott and colleagues selected genes based on epididymal fat weight after 8 days
of fat feeding with fat as 60% of the caloric intake (cf. [15]). Genes were selected
if their expression was correlated with epididymal fat weight above a very strict
threshold (r2 > 0.7). They hypothesize that these genes might be the bridge
between acute fat-feeding and chronic obesity. Most of the genes used in the
present computational model are from this selection or very close to this thresh-
old because of their potential importance. The results by Scott and colleagues
also suggest that metabolic disturbance leads to inflammation. Therefore, the
current model serves also as a basis for future modeling of the inflammatory
processes underlying T2D and obesity.

Our case study presents an executable model of the transcriptional and post-
translational regulations of Mlxipl. The transcription factor Mlxipl is known
to increase the transcription of genes involved in several metabolic pathways
[6,7,15] and is significantly down-regulated in white adipose tissue during acute
fat feeding and obesity [15]. Mlxipl can be linked to many aspects of obesity
and T2D [6,7,18,15]. While the post-translational regulation of Mlxipl is fairly
well understood, its regulation on the transcriptional and translational level
is less clear [18]. Our computational model includes Mlxipl together with four
interconnected metabolic pathways regulated by Mlxipl. As our data is taken
from a tissue rather than from cells of the same type, we do not know exactly
if the data relate to the major cellular constituents of white adipose tissue.
But overwhelmingly the data refer to adipocyte functions rather than other
cell types and are therefore highly likely to reflect the average fat cell. Hence,
we build our computational model as a single cell model. The computational
model is based on a metabolic network and a transcription interaction graph.
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We analyze the model in conditions that represent the behavior of the network at
8 days and 15 weeks of fat feeding process. We use experimental data to calibrate
our model by comparing the stable states of the model with the experimental
data. This process has suggested modifications to the interaction graph and
metabolic networks that need to be validated experimentally. Once a putative
model reproduces the existing experimental data we formulate hypotheses as
in-silico experiments and test the models as a way to direct actual laboratory
experiments.

The computational cost of state-space analysis forced us to break down the
network into four modules assuming that the components connecting the mod-
ules are constants in the later module. These components get all of their inputs
in one module and have some or all of their outputs in the next module. This
may cause some of the resulting component values to be too high or too low as
it does not fully capture the dynamics of the whole system. However, all regula-
tion loops in the full system are contained in one of the four modules, suggesting
that most behaviors that do not exist in the partitioned model are transient.
Furthermore, comparison with the experimental data revealed that the variables
resulting from the network behave as expected, which emphasizes the validity of
the whole model.

Our computational model and its analysis demonstrate the usefulness of
Qualitative Networks to investigate cellular networks and their corresponding
genomic data. With its individually adjustable target functions and its inde-
pendence from quantitative data, Qualitative Networks can be used to model
interesting biological interaction networks with available genomic data. This is
especially emphasized by the Mlxipl case study. Although there is a good amount
of knowledge on Mlxipl function, its regulation is not fully understood. The cur-
rent case study provides insights into this regulatory process as well as highlights
the importance of specific regulatory connections. The computational analysis
reveals that the model is consistent with the experimental data. Our insights
highlight the necessity of further regulators of Mlxipl in addition to the known
ones. Furthermore, the analysis predicts various new modes of interactions be-
tween components in the network, and demonstrates that acetyl CoA and Mlxipl
regulate the level of fatty acid production in a synergistic way. Future work of a
more complex computational model of this system will further facilitate a better
understanding of metabolic disturbance during obesity and T2D.

2 Methods

2.1 Qualitative Networks

In many cases, lack of quantitative data makes the construction of quantitative
models impossible. Boolean Networks were used in recent years to construct
abstracted computational models that are based mainly on the types of interac-
tions between molecules. This is obviously a very abstract view, however, it has
proven beneficial in numerous occasions [8,16,17]. In some cases, the restriction
of Boolean Networks to the values of ON and OFF, seems too restricted and
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one would like to extend the modeling framework with a larger range of possible
values.

Qualitative Networks are an extension of Boolean Networks; they use discrete
variables ranging over finite domains instead of Boolean variables and allow
functions to represent different types of interactions on top of activation and
inhibition [12].

A Qualitative Network Q(C, T, N) comprises a set of components, C, and a
list of target functions, T . Each component ci ∈ C has a state which can take any
integer value between 0 and N representing the qualitative level of the respective
component. A target function target i ∈ T is a function target i : {0, . . . , N}C →
{0, . . . , N} and it indicates in a given state of the system the specific value
between 0 and N towards which each component ci should move. For example,
target functions can be as simple as the identity function, a Boolean function, the
maximum or minimum, or a more complicated combination of other functions.

A state of the system is an assignment of a value between 0 and N to each of
the substances. The system advances in discrete steps and, at each step, the level
of a component can only increase or decrease by a single level. The consecutive
level of each component ci is calculated as follows:

ci(t + 1) =

⎧⎪⎨
⎪⎩

ci(t) − 1 if target i(S(t)) < ci(t)
ci(t) + 1 if target i(S(t)) > ci(t)
ci(t) if target i(S(t)) = ci(t)

,

where S(t) is the state of the network at time t. For example, consider the case
of a network with three components c1, c2, and c3. Let their values at time 1
are c1(1) = 1, c2(1) = 2 and c3(1) = 0, and the target function target3(S(t)) :=
max(c1(t), c2(t)) for the component c3. Then c3(2) aspires to target3(S(1)) =
max(1, 2) = 2 and as 2 > 0 the value of c3(2) becomes 1. The target functions
are based on the mechanistic understanding of the biological interactions the
model is built from.

As all variables range over finite domains, a Qualitative Network model has
a finite number of states. As all variables are updated simultaneously (syn-
chronously) an execution of such a model proceeds deterministically, i.e., re-
gardless of the full history of an execution, every state proceeds to a fixed next
state. It follows that every execution of a Qualitative Network1 eventually ends
in a cycle of states that are visited infinitely often. A state is defined as infinitely
visited if there is an execution of the model in which the state appears infinitely
often. In a biological system these states correspond to the stable states, hence
states that are not infinitely visited often are considered as unstable. From these
unstable states the system will always evolve towards a loop of infinitely visited
states and remain there indefinitely. This suggests the following analysis tech-
nique: (a) compute the set of infinitely visited states (b) check properties of this
set. For example, check whether in all infinitely visited states the value of a cer-
tain variable (substance) is above/below a given threshold. As this analysis aims

1 As Boolean Networks are a special case, this applies also to Boolean Networks.
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to validate the stability of the model, it is usually less important to identify one
or few initial states. The analysis is usually applied on most (if not all) states
of the system and corresponds to starting execution from an arbitrary state and
letting the system stabilize [13].

We use the QNBuilder tool [14] to analyze Qualitative Networks. QNBuilder
supports a simple and intuitive textual input format that defines the set of
substances in the model. Some substances can be defined as constants and others
are connected to target functions, that can be defined as look-up tables. Cells
can be connected to grids and meshes in a simple way by relating to inputs from
neighboring cells according to their locations in the grid. The QNBuilder uses
the tool CrocoPat [1] for symbolic state analysis. CrocoPat computes a simple
fixpoint of the states that can be reached in 1, 2, ... steps. As the number of
states is finite, this computation stabilizes on the fixpoint of infinitely visited
states. QNBuilder also includes requirements that are then checked on this set
of infinitely visited states. In the case that a requirement does not hold, an
infinitely visited state that does not conform to it can be extracted.

2.2 The Iterative Improvement Process [12]

When coming to check the accuracy of a putative biological model, two types of
requirements have to be met. The first is a static requirement such as, a inhibits
b or a activates b. Such requirements are integrated into the target functions and
can be checked statically. The second is a dynamic requirement that relates to
qualities of infinitely visited states. Such requirements are checked as explained
above.

The main value of such models is that they can be contrasted with the experi-
mental data and, hopefully, provide information that the biologist was not aware
of initially. Accordingly, if a model fails to reproduce some of the experimental
data, it means that our understanding of the process is incomplete, and the
model should be refined through changes in the target functions, substances, in-
teractions, or perhaps the range of possible values. Such changes can be justified
by consulting the available literature or domain experts. When such information
is not available, we may conclude that information is missing. We can try to
modify the model so that all the experimental conditions are reproduced. Such
modifications then need to be validated experimentally in order to verify that
the model may indeed be correct.

Once a model reproduces the experimental data, we view it as a valid putative
model and use it to further probe the system. We perform in-silico experiments
by changing constants or requirements in the model. The results of such exper-
iments can be used to highlight interesting avenues to explore experimentally.

3 Results

3.1 Case Study – Model of the Regulatory Network of Mlxipl

We demonstrate the usefulness of the Qualitative Networks through a case study
and the insights that were obtained from its analysis. We construct a Qualitative
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Fig. 1. Coarse representation of the metabolic network used for the computational
model. Red arrows and red filling show the parts of the network that Mlxipl has
influence on. The boxes indicate three of the separate models that are worked out
in more detail.

Networks model of the regulatory network of Mlxipl, a general metabolic network
that can be found in all mammalian cells (cf. Figure 1). There are four specific sub-
networks making up this big metabolic network which were worked out in more
detail as four separate models (due to computational constraints) according to the
specific connections that are found in white adipose tissue (cf. Figures 2, 3, 4, and 5
and Figure 6 showing their connectivity). Figure 2 shows the transcription factor
Mlxipl with its regulatory connections and some putative regulators of Mlxipl.
Figures 3, 4 and 5 show biochemical reactions in the metabolic network underlying
the present model including components regulated by Mlxipl.

We use granularity of three for all components in the network. The three
possible levels correspond to: 0 representing down-regulation, 2 representing up-
regulation, and 1 representing normal level of expression. The network includes
two different kinds of interactions between components: regulatory connections
on the gene or protein level (especially in the Mlxipl network), and biochemical
reactions. These different interactions are represented by different target func-
tions. For regulatory connections of the first kind (e.g., the control of PPARγ
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Fig. 2. Network of Mlxipl regulatory connections as used in the computational model.
The gray arrows show putative inputs that are not verified experimentally. The green
components are constant in the model, the blue ones are not constant and used in
the requirement, the red one is key for consistency of the model. The dashed arrow
indicates a biochemical reaction, the attached component is the enzyme of the reaction.

in Figure 2) target functions compare the amount of activating inputs with the
amount of inhibiting inputs. For biochemical reaction of the second kind (e.g.,
the control of Fructose-6-P in Figure 3), the amount of the output depends
on whichever input component has a lower level in this reaction, substrate or
enzyme. The actual target functions are determined as explained below [12].

Consider a protein ci of the network. An edge eji represents an interaction
from cj to ci and has an associated weight αji. The edge is activating when αji >
0 and inhibiting if αji < 0. The target function of ci includes the computation
of the sum of activations and inhibitions that are scaled so that they always fall
in the range 0 to N . Formally, the sum of activation on ci is

acti(s) =

∑
αji>0

αjicj∑
αji>0

αji
,

and the sum of inhibition on ci is
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Fig. 3. Network representation of glycolysis used for the computational model. The
purple component is a constant in this module, however it is an output in the Mlx-
ipl module. Green components are constants in this module, the blue components are
not constant and hence used in the requirement. Dashed arrows indicate biochemical
reactions, the attached component is the enzyme of the reaction. If there is no compo-
nent attached to the dashed arrow, the enzyme was not included in the model as its
expression level did not significantly change from normal.

inhi(s) =

∑
αji<0

−αjicj∑
αji<0

αji
,

where s represents the state of the model. The target function for ci is deter-
mined according to the difference between these two values. In the case that
a component ci has only inhibiting inputs, lack of inhibition is interpreted as
activation. Formally,

targeti(s) =

{
max(0, acti(s) − inhi(s)) If max(αji > 0)
N − inhi(s) If max(αji) ≤ 0

.

For example, the target function of PPARγ is the sum of its two activating com-
ponents, PGC1β and KLF15 divided by 2, minus its inhibiting component, Nrip1.

If component ci is controlled by a biochemical reaction, its target function is
set to the minimum of the levels of its substrate and its enzyme. For example,
Fructose-6-P tends towards the level of the level of the lowest between Glucose
and PFK.
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Fig. 4. Network surrounding acetyl CoA as used in the computational model. The
purple component is constant in this module, however is an output in the glycolysis
module. Green components are constants in this module, the blue components are not
constant and used in the requirement. Dashed arrows indicate biochemical reactions,
the attached component is the enzyme of the reaction.

For constant components, i.e. components that were not getting input from
other components in the network, these values were extracted from the gene
expression data (Table 1, data supplied by Scott and colleagues [15]). This data
relates to two different time points after 8 days and 15 weeks of fat feeding
process. These give rise to two versions of each model, differing in the values
of the constant components, where there are differences in gene expression. For
example, PP4R1 is constantly down-regulated in the 8 days model and constantly
up-regulated in the 15 weeks model. We stress that these two version of the
models use the same network structures and same target functions and differ
only in these constant values. We used a threshold of 1±0.1 to represent normal
expression. A level above 1.1 is treated as up-regulated and a level below 0.9
is treated as down regulated2. In Table 1, green represents the value 0, white
represents 1 and red represents 2.

2 Setting the threshold for the different levels is an interesting biological question.
From discussions with colleagues, it seems that a change of 10% in expression level is
considered significant. It would be interesting to study models with a lower threshold
for down- and up-regulation. Another interesting option is to allow more expression
levels in the model and use extra levels for expressing down- and up-regulation in a
more accurate way. Increasing the level of granularity of substances produces models
that are too large to be analyzed. This is one of the topics of our future work.
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Fig. 5. Network representation of fatty acid metabolism used for the computational
model with the exception of the components between Lyso-phosphatidate and Tri-acyl-
glycerols. The purple components are constants in this module, however are outputs
in the acetyl CoA module. Green components are constant in this module, the blue
components are not constant and used in the requirement, and the red components are
the key for consistency of the model. Dashed arrows indicate biochemical reactions,
the attached component is the enzyme of the reaction.

The experimental data is used, in addition, to provide requirements on the
network. For the present model, the requirements were derived from the gene
expression data for eight days and 15 weeks of fat-feeding (cf. Table 1, [15])
for all non-constant components corresponding to the three levels of expression,
as explained above. For example, in the model corresponding to 8 days, the
stable states of the Mlxipl module (cf. Figure 2) have to satisfy the following
requirement. The values of PPARγ, PPARα, LXRα, RXRα, TBC1D4, Glut4,
PYGL, and Mlxipl must be 0 and the value of Ncor1 must be high. Similar
requirements were derived for all modules and for both versions of the model,
corresponding to 8 days and 15 weeks. The objective of the formal analysis is
to verify that these requirements generally hold for the model. In the process
of formal verification, all infinitely visited states were computed first and the
requirements were then tested on all of these states.

3.2 New Biological Insights Revealed by Model Analysis

in-silico experiments were performed to test further assumptions. This was done
in two ways, either by changing the values of constant components in the network
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Fig. 6. Figure showing the four main parts of the metabolic network with their inter-
actions as used in the computational model. (1) network of Mlxipl regulatory connec-
tions, (2) glycolysis, (3) network surrounding acetyl CoA and Krebs cycle, (4) fatty
acid metabolism.

or by removing interactions (and components) from the network. While changing
the values of the components, the values of other interesting components were
monitored so that the effect of the changed components on the other components
could be investigated. By removing interactions we tested if the model was still
consistent with the data and hence if the existing connections are important or
necessary to maintain the behavior of the system.

Ywhab is likely to be involved in Mlxipl down-regulation. It is not clear
which one of the proteins of the 14-3-3 family is involved in the inhibition of Mlx-
ipl, but Ywhab and Ywhag are the most likely candidates (cf. Table 1). During
the consistency checking, we tried to find out which of these two proteins is most
probable to inhibit Mlxipl in the present network. Considering all required levels
of the other components in the Mlxipl network shows that, while both proteins
are in accordance with the major requirement of Mlxipl being at a low level,
the inclusion of Ywhag into the network was less consistent with the experimen-
tal data than including Ywhab. This indicates that Ywhab is the most likely
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Table 1. Tables of gene expression data relative to gene expression with normal diet
(represented by 1 in the model) sorted alphabetically and with regard to their model
affiliation. Green indicates genes that are down-regulated (represented by 0 in the
model), red shows genes that are up-regulated (represented by 2 in the model). Genes
marked in yellow were not used as constants in the model.

inhibitor and, in addition, down-regulation of Mlxipl shows the consistency of
the Mlxipl model with the experimental data. This consistency implies that new
hypotheses can be tested using this model. With the model adjusted to our re-
sults regarding the proteins of the 14-3-3 family, we tested different hypotheses
with respect to the number of regulatory inputs to Mlxipl. Our tests have shown
that the three known regulators in the network are not sufficient to explain the
behavior of Mlxipl. Further testing has shown that adding eight putative inputs
to these three is, however, sufficient to have Mlxipl down-regulated. With regard
to these putative inputs the model indicates that the three known inputs together
with one arbitrary activating or inhibiting input of the eight putative ones are
sufficient to explain Mlxipl down-regulation. However, we were not able to high-
light specific inputs that are necessary for Mlxipl down-regulation. Nonetheless,
the model has highlighted that all of the putative inputs are good candidates to
be regulators of Mlxipl.
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Table 2. Table showing the synergistic effect of acetyl CoA and Mlxipl on fatty acid
production in the model. The numbers show the values of the components, green rep-
resents downregulation, white normal regulation and red upregulation.

Acetyl CoA MLXIPL Fatty Acids
0 0 0

0 1 0

0 2 0

1 0 0

1 1 1

1 2 1

2 0 0

2 1 1

2 2 2

Several genes must have additional inputs in the network. After check-
ing all of the sub-network models for their consistency, we found that in the
final model of lipid metabolism, betaoxidation of fatty acids in the mitochondria
and peroxisomes, as well as fat production, were down-regulated as expected.
This means that the model we derived from the complete network is consistent
with the experimental data and allows new hypotheses about the network to be
tested. In this process of state-space analysis, we were also able to highlight the
genes TBC1D4, PP1 and CPT1A whose behavior was not explained by their
inputs in the present network. Hence, we can assume that these genes must have
additional regulatory inputs.

Also, the genes NcoR1, RXRα, PPARα and Tfdp1 from the Mlxipl module
(cf. Figure 2), PFK from the glycolysis module (cf. Figure 3) and FASN and
ELOVL6 in the acetyl CoA module (cf. Figure 4) have a different expression
level at 8 days compared to 15 weeks (cf. Table 1). Comparing the models for
these two time points showed that for these genes the changed level was not
explained at 15 weeks. Further tests showed that the complete model was still
consistent when applying these changed values to the 15 weeks model. Hence,
we conclude that while these genes must have other regulatory inputs at both
time points or only at 15 weeks, the rest of the network with all its connections
represents the data at both time points.

Mlxipl and acetyl CoA have a synergistic effect on fatty acids produc-
tion. To test the cooperative influence of acetyl CoA and Mlxipl on betaoxida-
tion and fat production, we changed the value of one of these components while
keeping the other at its normal level. In all cases the levels of betaoxidation and
fat production remained low. Tests with both of the components being at an
elevated level also did not change the levels of betaoxidation and fat produc-
tion. This suggests that the other genes working on these pathways restrict the
influence of acetyl CoA and Mlxipl on this part of fat metabolism. A similar
series of tests were conducted to explore the effect of acetyl CoA and Mlxipl on
the amount of fatty acids production. Our test have shown that neither acetyl
CoA nor Mlxipl can be regarded as the main regulator of fatty acid production,
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but rather they seem to be acting in a synergistic way on the level of fatty acid
production (cf. Table 2).

4 Discussion

We have presented the Qualitative Networks framework as an appropriate frame-
work to modeling biological systems where little quantitative data is available.
Qualitative Networks can be regarded as an abstraction of continuous models
described by differential equations. Qualitative Networks do not require exact
rates of reactions and are suitable for the kind of genomic data that is often
available (as in our case study). They offer additional flexibility over Boolean
Networks by allowing general target functions and multiple possible values of
components. Overall, the Qualitative Networks framework is a very suitable ap-
proach for networks with no or only little quantitative data available and with
complex biochemical interactions. Previously, Qualitative Networks were also
used to construct a model of the crosstalk between the Wnt and Notch path-
ways in the Keratinocytes [12], and more recently to the modeling of cell fate
specification during C. elegans vulval development [2].

Here we demonstrate the usefulness of the Qualitative Networks framework
through a model of Mlxipl regulation. This model is based solely on gene ex-
pression data, and does not require exact reaction rates. The flexibility of target
functions and multiple values enables to accurately represent enzymatic reac-
tions and protein interactions in the same model. In accordance with several
biological studies [6,15,18], the model reproduces the down-regulation of Mlxipl.
Analysis of the model showed a down-regulation of the whole fat metabolism,
which has also been demonstrated under similar experimental conditions [15].
This observation is especially important in terms of T2D and obesity as it is one
of the major features of these diseases [15].

In addition, the model sheds light on aspects of the network that are not yet
fully understood. For example, the model highlights the most likely candidate
of the genes in the 14-3-3 family to inhibit Mlxipl [6,18]. Furthermore our model
shows that Mlxipl must have other regulators in addition to well established
ones and indicates which are the possible regulators. Additionally, analysis of
the model suggests that Mlxipl and acetyl CoA have a synergistic effect on fatty
acid production. Overall, this shows the applicability of the Qualitative Networks
framework to the modeling of metabolic networks and its potential to highlight
questions with implications for medical research.

4.1 Future Prospects

Several aspects of modeling were dictated by computational limitations that we
hope to overcome in the future. Our main aim is to remove the partitioning of the
network and analyze it as one model. This would prevent possible inconsistencies
due to components being set to their stabilization values too early. Another goal
is to increase the granularity of the target functions from 3 to a higher order, as
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having only three levels of expression cannot always capture the complexity of a
system. As an intermediate goal, we could use different granularities for different
components according to their roles and importance. As previously discussed, we
would also like to consider different cut-offs for the expression level, for example
1 ± 0.5. In such a case, 1 would represent all genes with a medium level of
expression and 0 and 2 would represent all genes with an expression deviating
significantly from normal. The comparison of the results for different cut-offs
could perhaps replace the usage of target functions with higher granularity.

We would also like to extend this model with additional biological data. For
example, the control of the inputs that are currently modeled as constants.
Considering the bigger picture, a major goal for the future would be to add
the inflammatory pathways to this model, as this would help to get a deeper
and more fundamental understanding of how these processes in adipose tissue
contribute to T2D and obesity.
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