ASP-G: An ASP-based method for finding attractors in

Genetic Regulatory Networks

Mushthofa Mushthofa !, Gustavo Torres !, Yves Van de Peer 234, Kathleen

Marchal 36 * and Martine De Cock -7 *

IDepartment of Applied Mathematics, Computer Science and Statistics, Ghent University,

Krijgslaan 281 (S9), 9000 Ghent, Belgium.

2Department of Plant Systems Biology, VIB, Technologiepark 927, 9052 Ghent, Belgium.
3Department of Plant Biotechnology and Bioinformatics, Ghent University, Technologiepark 927,

9052 Ghent, Belgium.

4Genomics Research Institute (GRI), University of Pretoria, Private bag X20, Pretoria, 0028, South

Africa

5Department of Microbial and Molecular Systems, KU Leuven, Kasteelpark, Arenberg 20, 3001

Leuven, Belgium.

6Dept. of Information Technology, IMinds, Ghent University, Zuiderpoort Office Park, Gaston

Crommenlaan 8, B-9050 Ghent-Ledeberg, Belgium.

"Center for Web and Data Science, Institute of Technology, University of Washington Tacoma, 1900

Commerce Street, Tacoma WA-98402, USA.

ABSTRACT

Motivation: Boolean network models are suitable to simulate gene
regulatory networks (GRNSs) in the absence of detailed kinetic infor-
mation. However, reducing the biological reality implies making
assumptions on how genes interact (interaction rules) and how their
state is updated during the simulation (update scheme). The exact
choice of the assumptions largely determines the outcome of the
simulations. In most cases, however, the biologically correct assum-
ptions are unknown. An ideal simulation thus implies testing different
rules and schemes to determine those that best capture an observed
biological phenomenon. This is not trivial, since most current methods
to simulate Boolean network models of GRNs and to compute their
attractors impose specific assumptions that cannot be easily altered,
as they are built into the system.

Results: To allow for a more flexible simulation framework, we
developed ASP-G. We show the correctness of ASP-G in simula-
ting Boolean network models and obtaining attractors under different
assumptions by successfully recapitulating the detection of attractors
of previously published studies. We also provide an example of how
performing simulation of network models under different settings help
determine the assumptions under which a certain conclusion holds.
The main added value of ASP-G is in its modularity and declarativity,
making it more flexible and less error-prone than traditional appro-
aches. The declarative nature of ASP-G comes at the expense of
being slower than the more dedicated systems but still achieves a
good efficiency w.r.t. computational time.

Availability: The source code of ASP-G is available at:
http://www.psb.ugent.be/ ~mumus/ASPG/asp-g.zip.

*to whom correspondence should be addressed

1 INTRODUCTION

Gene Regulatory NetworK&RNSs) consist of genes, proteins and
other regulatory molecules that undergo complex and dynamic inte-
ractions which drive gene expression, and ultimately, complex
cellular behaviour. To be able to understand and predict this behavi-
our, various mathematical models have been developed that describe
the dynamics of these GRNSs. Different model formalisms have been
used, as reviewed in De Jong (2002). One of the earliest models
to describe GRNs are Boolean network models (Kauffman (1993)).
Boolean network models are attractive because of their simplicity
(Shmulevichet al. (2002)): by reducing the complexity of GRNs

to qualitative logical models, Boolean network models are able to
cope with the largely incomplete kinetic information of biological
networks. Despite their highly simplified representation of biolo-
gical reality, Boolean network models were shown to still grasp the
important dynamic properties of GRNs, such as the netwartisi-

ctors An attractor represents a stable set of states towards which
the transiently changing gene expression values converge to. Evo-
Iving towards an attractor thus corresponds to reaching a specific
developmental stage (cell types, development stages of etd)pr
functional mode (De Jong and Page (2008), Kauffman (1993)), and
the analysis of attractors in a regulatory network thus hints towards
the functional modes of the regulatory network (De Jong and Page
(2008)).



Current knowledge regarding GRNs are generally incomplete To allow for a more flexible simulation framework we developed
(Rottgeret al. (2012)). Comparing simulated with observed attra- ASP-G which makes use of the declarative-programming paradigm
ctors (states, e.g. developmental stages) of a certain network mod&hswer Set Programming (ASP) (Lifschitz (2008)). The declarative
can thus aid in evaluating existing network models and/or predichature of ASP allows one to specify and modify the domain-specific
missing information in the current knowledge. For instance, Men-ogic (here the definition of the network interactions, activation rules
doza and Alvarez-Buylla (1998), Mendoeaal. (1999) and more and update schemes) required to represent and solve the compu-
recently, Espinosa-Sotet al. (2004) and Sanchez-Corrales al. tational problem at hand (here dynamical modeling and attractor
(2010) studied flower development Arabidopsis thalianausing  calculation) in an intuitive and modular way (Eitet al. (2009)).
Boolean network models of which the network attractors correspondo illustrate the flexibility of our approach, we applied it to calcu-
ded to stable gene expression levels during the different stages tdte attractors of previously published Boolean network models of
flower development. These models helped predicting mutant phesRNs of different sizes and complexity, and different simulation
notypes and the existence of a yet-uncharacterized gene involveassumptions. By trying to mimic previous results under diverse set-
in the transition from the non-flowering to the flowering state. Li tings, we can show that the main advantage of our approach consists
et al. (2004) and Davidich and Bornholdt (2008) used a Booleanof making the modeling more flexible and less error prone, and
network model and its steady states to describe the different staherefore helps delineate the boundary conditions under which the
ges in yeast cell cycle, where the stages of the cycle correspond tmological conclusions based on simulations of Boolean network
the strong attractors of the network. Kaufmetral. (1985) explai- models are valid. At the same time, we also show that, with the
ned the various states of the immune system with Boolean networlsse of fast and efficient ASP solvers, the computational efficiency
models and 8nchez and Thieffry (2001), Albert and Othmer (2003) of our method is in the same range as that of the most efficient dedi-
and Gonalez et al. (2008) used Boolean network models and cated methods for the simulation of Boolean network models and
their attractors to describe the cellular developmernbafsophila  the calculation of their attractors.
melanogaster.

Key to simulating GRNs with Boolean network models is the
choice of the proper assumptions. These assumptions refer to ttie METHODS AND MODELS
activation ru!es _and update scheme. Activation rules determipe t_h 1 Boolean network modeling of GRNs
way the activation state of each gene depends on the activation . )
states of its interactors in the previous transition step. The updath? OUr work, we adopt the definition of Boolean networks as descri-
scheme determines how these activation states are updated, i.B&d in Kauffman (1993): a Boolean network model consists of netw-
either synchronously or asynchronously. The exact choice of thes@k élements (nodes, here representing structural and regulatory
assumptions largely determines the number and characteristics §enes/proteins) which can either be active (ON) or inactive (OFF)
the attractors. As in most cases, the true biological activation rulegnd interactions between these elements (edges, which represent
and update scheme are not known, one should be able to easily td6¢ directed regulatory interactions between the genes). We define
different activation rules and schemes, as this allows to have an idd4/© types of regulatory interactions between interacting nodes i.e.
on the conditions under which the simulated network model would@ctivation (up-regulation) and inhibition (down-regulation). The
be able to capture an observed biological phenomena (bounda@ptivation state of a certain node at a certain time step is determi-

conditions). ned by a logical function of the activation states at the previous time
Several computational tools have been developed to perform thelep of itsinteractors(where the interactors of a node are defined as
computation of attractors in Boolean network models. Gatrgl.  the incoming edges of a certain network node).
(2007) developedenYsis, which uses techniques involvirgjnary Formally, a Boolean network modél(V;, I*) is defined by a set of
Decision Diagramg{BDD) to computate attractors. Arellaret al. ~ nodesV’ = {z1,..., z,} and a list of Boolean functions = (f1,
(2011) used techniques basedi@mporal Logianodel checkingin -+ +» fn)- EaChxi €{0,1},i=1,. T is a binary variable and its
Antelope. Ay et al. (2009) used state-space pruning and randomi-value at timet 4+ 1 can be determmed by the values of some other
zed state-space traversal methods to improve the scalability of theP9€ST;, (i)s (i, - - - » Tj, i) &t time¢ by means of a Boolean

attractor computation. Dubrova and Teslenko (2011) used a Bogunction f; € F'. Thatis, there aré; nodes assigned to; that
lean Satisfiability (SAT) solver, typically used for combinatorial determine its state. The activation state of every nedehanges
modeling and problem solving, to compute attractors of GRNs andVer time according to
obtained a better computational time and space efficiency compa-
red to the BDD-based approach. More recently, Zhetrg. (2013) zi(t+1) = fi (l'jl(i) () @550) ()55 @5, (1) (U)
developedgeneFatt based on the Reduced Order BDD (ROBDD)
data structure which further improves the efficiency of the attractorA states of a Boolean network is an assignment{of 1} to each
computation. nodez;. Its successor statis the state resulting of applying to

Most of the above-mentioned systems to simulate Boolean netweach noder;. The dynamics of the network consists of transitions
ork models in principle can perform simulations with different between network states. An example of a Boolean network is given
assumptions. However, changing these assumptions would require Figure 1. This network has 3 nodes, denotedrhyz2 andzs,
quite tedious modifications on these systems. For instance, using tfeand interactions between these nodes, represented by the edges. The
SAT-approach (Dubrova and Teslenko (2011)), modifying the stru-dynamics of the network can be described using a State Transition
cture of the network and the updating rules would require updatingsraph (STG) as given in the supplementary Figure S1.
the truth tables in thenetformat. Attractors in a Boolean network model are defined as in Garg

et al.(2007) and Ayet al. (2009).



an intuitive format. For example, the following set of facts is used
to describe the network depicted in Figure 1:

gene(z1). gene(x2). gene(xs).
activates(x1,z1). activates(z1,z2). activates(zi,xs).
activates(x2,x1). activates(za,x3). inhibits(xs,x1).
Fig. 1: A Boolean network model with three genes. Edges with arro- )
wed tips are activating interactions and edges with blunt tips are

repressing (inhibiting) links.

activates(xs, x2). inhibits(zs,xs).

To compare the declarative specification of the network with the
more classically-used SAT notation Dubrova and Teslenko (2011),
we give the network specification corresponding to the Boolean

ASP-G network depicted in in Figure 1 iocnetformat, as follows:
Network data > Network Description Nn13123 .n2213 n33123
J -10 1- 1 -10
10 1 11 1-0 1

Biological
assumptions

|+ Update scheme -10 1 00 0 -10 1
Attractors 000 0 000 0
A

Activation rul . . . o
ctivation rules Each gene in the network is written with its label, em.1 for
nodez, followed by the number of regulators and then their labels,

Attractor computation algorithm e.g. (3 1 2 3). Nexta truth table follows that determines the beh-
avior of the network (e.g--1 0 in the truth table forz; means
that whenever; is active thenr; will be inhibited irrespective of

i T the values oft; andz-).

ASP Solver Activation rules

This module determines the activation rules used to update the
activation state of each gene at each transition step, based on the
Fig. 2: Architecture of ASP-G. intended assumption by the user. We implemented two frequently
used activation rules:

1. A gene will be active in a subsequent time step1 if at time

DEFINITION 1. Let S be a set of states of a Boolean network stept at least one active interactor is an activator and no active
model.S is an attractor if and only if the following conditions are interactors that act as inhibitors are present.
satisfied: 2. A gene will be active in a subsequent time steg- 1 if
there are more active activators than active inhibitors among
1. The set of the successor states of all the statesimequal to its interactors at time steip
S.

2. For eachs; € S, once it is visited, the probability of revisiting I ASP-G this first type of activation rule is encoded as
s; in a finite number of state transitions is equal to 1.
T active(X, T) — A>0,1=0,#act(X,A,T—1),

2.2 Representing Boolean network models of GRNs #inh(X,I,T — 1), gene(X),
and computing their attractorsusing ASP

T > 0.
ASP-G framework ry sinhibited(X,T) <+ notactive(X,T), gene(X),
Our framework for modeling GRNs and computing attractors, called T>0

ASP-G, uses Answer Set Programming (ASP). ASP is a declarative
programing paradigm (Lifschitz (2008)), which is typically used to

The second type of activation rule is encoded as
solve combinatorial search problems (Egéal.(2009)). The archi- yp

tecture of ASP-G is shown in Figure 2. ASP-G consists of four main i active(X,T) — A—1I>0,#act(X,A,T—1)
modules/parts of the system: the network description, the update ’ . ' Y '
scheme, the activation rules and the attractor computation algorithm. #inh(X, I, T — 1), gene(X),
The following describes each of these modules. T>0.

Network description module ry s inhibited(X,T) <+ I—A>0,#act(X,A,T—1),

This module contains the description of the structure of the network, .
encoded in a set of facts provided by the user. Because of the decla- #inh(X, 1, T — 1), gene(X),
rative nature of ASP, such a description can be written succinctly in T>0.



To illustrate the flexibility of ASP to express nearly any possi- For the asynchronous update scheme, we need to add the follow-
ble activation rule, we implemented a more specific type of rules inng rules, in addition to the previously described rules:
which the activation of a certain gene is expressed as a free-form
gene-specific Boolean function of all the interactors of that gene, changed(X,T) <+ active(X,T),inhibited(X,T — 1),

such as the one used in Sanchez-Corraies. (2010) and Goréalez ene(X),T > 0
et al.(2008). For example, the activation rule of a g&temight be g ’ '
expressed as a Boolean function of the form: changed(X,T) < inhibited(X,T),active(X,T — 1),

gene(X), T > 0.
< Ftchanged(N,X,T),N > 2,
gene(X), T > 0.

Gl = Gland (not G2or not G3)

whereG2 andG3 are two other genes involved in the network. In

this case,G1 has a self-activating interaction, whifg2 and G3 ) ]
act as inhibitors foiG1. To accommodate such an activation rule T0 obtain a better performance in the asynchronous case, we apply

in ASP-G, we first convert the Boolean function into a Disjunctive thé STG reduction technique, as explained in the supplementary
Normal Form (DNF). For example, the activation rule given aboveFigure S2.

is rewritten into the following: Computing the attractors
The attractor computation in ASP-G is performed by Algorithm 1,
Gl= Gland not G2 which is based on the algorithm by Dubrova and Teslenko (2011).

The main idea used in Algorithm 1 is to identify attractors by loo-
king at identical states in transition paths of certain lengths in the
STG of the network. Since there are exponentially many possible

G1= Gland not G3

and then encaded in ASP as follows: states in an STG (in relation to the number of nodes in the network),
explicit enumeration of all the states in an STG is unfeasible for
active(G1,T) <« T > 0,active(G1,T — 1), larger networks. ASP-G avoids this explicit enumeration by impli-
inhibited(G2, T — 1) citly s_im_ulatir_19 the dynamics of the netvx_/ork. Furthermore, once a
state is identified as part of an attractor, it can be removed from the
active(G1,T) <« T > 0,active(G1,T — 1), STG to prune the search space. An illustration on how the algo-
inhibited(G3,T — 1) rithm works is given in supplementary Figure S4. Path generation

and state removal are being done using ASP rules and ASP con-
straints, respectively, as shown in Figure S5. To further increase the
efficiency of the computation, we use the incremental ASP appro-

Update scheme ) ;
ﬁ? described in Gebsetal.(2008b) and thelasp solver from the

Two update schemes were adopted in ASP-G: synchronous and a:
nchronous updates. In the synchronous update scheme, we assu
that all genes in the network are updated simultaneously per evalua-

ted time step. This implies that the transitions between the network

states are deterministic, i.e., for every state visited over time, only3 RESULTS

one possible successor state exists. In the asynchronous update, 919 ASP-G: a novel framework for the simulation and
assumptions ofynchronicityis made, and genes may be updated attractor computation of GRNswith Boolean

at different time steps. Therefore, transitions are non-deterministic: network models

there may be several possible next state after a certain transition. As ] o o
illustrated in the supplementary Figures S1 and S2, an asynchrono@mmat'“g Boolean network models implies that activation rules

update scheme can result in a drastically different STG and leads f32ve to be defined to decide how a gene is activated by its inte-
different attractors. ractors. The exact choice of the assumptions largely determines

Both the synchronous and the asynchronous updating were impléhe outcome and the number and characteristics of the attractors.
mented in ASP-G. For the synchronous update scheme, we use tiPPlementary Figures S1-S3 show that, for the example Boolean

following rules to generate initial activation states of the genes: ~ N€twork in Figure 1, the choices of activation rules and update sch-
eme can result in a different network behavior, and thus, different

tive(X.0 X ¢ inhibited(X. 0 sets of attractors. As it is often not known in advance which assum-

active(X,0) < gene(X), notinhibited(X,0). ptions best match the biological reality of the modeled GRN, testing
inhibited(X,0) < gene(X),notactive(X,0). different assumptions is advisable.

To have a generic framework that allows testing different assum-

and then use the following rules (in relation with the activation rulesPtions, ASP-G implements three different activation rules: the first

described previously) to determine the activation state of each gerf"€ @dopted by Let al. (2004), Ayet al. (2009) and Davidich and
at each time stef Bornholdt (2008) in which a gene is considered to be activated if

the majority of its active incoming interactors (interactors that are

. . o themselves active) has an activating role. Otherwise, the gene will
active(X,t) < active(X,t — 1), not inhibited(X. t). become inactive. This is referred to as thierule in ASP-G. A

inhibited(X,t) <« inhibited(X,t — 1), not active(X,t). second one adopted by Pediaatial. (2010) and Gargt al. (2007)

assco ASP suite (Gebssral. (2011b)).



Algorithm 1 Algorithm to compute attractors in ASP-G other formalism to find attractors in Boolean network models, ASP-

1: {Pis the ASP program with the rules of the network} G detects exhaustively all attractors of the network. Therefore, a
2 k=n correct result corresponds to an exact match in the attractor set
3: attractor is_found= False identified by ASP-G and that present in the reference publications.
4: attractors= 0 First we tested ASP-G on the relatively small GRNs involved in

5: while ASP finds a path of length as an answer set iR do budding and fission yggst cell cycle analyzed iretal. (2004), Ay

6: {s=(s1,50,...,sk)is the path found} et al. (2009) and Davidich and Bornholdt (200_8), as yve_ll as on the
7: forj=k—1to 1 do network model of the GRN from the Th cell differentiation descri-

8 ifs; = sy then bed in Garget al. (2007). We used the activation rules and update
9: attractors= attractors\J{(s; 41, . ..,sx)} schemes that were also applied ir_1 the _original stuo_lies, except for
10  attractor.is_found= True the data set of Gargt al. (2007), in which we applied also the

11:  {The attractors already found are forbidderfi synchronous update scheme in addition to the originally applied
12: for sin {sk,...,s;41} do asynchronous one (see Table 1).

13: {The states are added as constraints for the next path} As expected for each of these results, the attractors found by
14: P = PJ{« active(X;, T), inhibited X5, T),...|X; € ASP-G match exactly the ones found by the reference papers (data

s} not shown). The table also shows that ASP-G performs relatively

15 endfor fast for these small networks. We also observe that the attractors in
160 break the synchronous case often coincide with those in the asynchronous
17:  endif case. This is due to the fact that simple attractors (i.e., attractors
18: end for that have only one state) are more commonly found, and that they
19: if attractor is_foundthen are shared between synchronous and asynchronous update schemes.
20: attractor.is_found= False Only for the fission yeast cell network under tieactivation rules
21: dse there is a difference in the number of synchronous attractors (13)
200 kE=292.k and asynchronous attractors (15). The fact that there are more attra-
23 end if ctors in the asynchronous case might seem counter-intuitive, since
24: end while the reduced STG used to calculate these attractors contains at most
25: return attractors as many nodes as the synchronous STG, and often less. However,

the original STG for the asynchronous case typically contains more
edges than in the synchronous case, and these additional edges can

assumes that a gene is activated only when there is at least one actﬁccount for more attractors.
9 y %o show the flexibility of ASP-G in expressing different types

activator amongst its active incoming interactors and no inhibitor. o
g 9 of activation rules, we also encoded the Boolean network model

This is referred to as the™ rule in ASP-G. In addition, we imple- . : : S
mented a third more detailed activation rule in which the activationOf the GRN involved inA. thalianaflower development originally
described in Sanchez-Corrales al. (2010) with our ASP-G fra-

for each gene is expressed as a free-form Boolean function of itS . :
. S . mework. This network model consists of 13 genes and uses gene
activators and inhibitors. This type of rules better grasps the com-

. . o - . .~ specific update rules as described in SectionAt@vation rules.
plexity of true biological interactions and includes more detailed’,’ " o S .
; . o . ) . As in the original publication, we applied a synchronous update sch-
information on the specifics of the interactions. It was used in for

instance Sanchez-Corralesal. (2010), Albert and Othmer (2003) eme. ASP-G (?orrectly _re.capltulated all 10 attractors of the network
) as described in the original paper Sanchez-Correted. (2010).
and Gonalezet al. (2008).

Related to the update scheme, a choice has to be made betwe-le-he computation took only 0.479 seconds.
updating the network elements simultaneously (synchronously) ver: 0 test ASP-G on a larger network, we use the network data from
pdating Y Sy Y) Velihe T-helper (Th) cell differentiation described by Pedigiial.

sus at different points (asynchronously). Earlier work by Thomas ) ; .
(1973) and Kauffman (1993) assumed synchronicity in their mode-(2010)' The purpose of the study was to find evidence supporting

lina. mainly because of computational efficiency reasons However(or contradicting) the traditional view that the genes involved in
9 y P Y ) Ehe regulation of the two types of Th cells, Thl and Th2, have

the assumption of synchr(_)nicity was challenged in Thomas (199.1 ounter-regulatory interaction. Similar to what has been done in
anq Harvey and Bossomaler (1997), who argued that, for many bIOI5ediciniet al. (2010), we first computed the attractors of the ori-
logical systems, assuming an asynchronous update scheme is mare | network in th £ all d th hed f
realistic. Subsequent work on Boolean network models (Nldl. glt?r':\c{]oers i(: dilfrf]ereitpsfiensgelg-cgeer?e ?(nc?flz gita:etwo?r:ssil?fczctoe or
(2007'),Garget al. (2007), Ayet al. (.2009)’ Garget al. (2008) and test the effect of knocking out intracellular genes towards the attra-
Gonzlezet al. (2008)) mainly applied asynchronous update sche- : .
mes. Therefore. in ASP-G we implemented both the s nchronou(s:tors of the network. To show the added value of using different
and .the as nchr,onous undate schzme Y Simulation assumptions, we also performed the computations using
y P ' an asynchronous update mechanism, as opposed to only synchro-
] . nous update scheme, as performed by Pedgtral. (2010). The
32 Simulation Results results are presented in the supplementary Table S6.
To test the correctness of ASP-G in simulating Boolean network Interms of computational efficiency, the result shows that ASP-G
models and computing attractors, we applied ASP-G on previouslys able to perform relatively well for the moderately-sized Th cell
published Boolean network models of GRNs and compared th@etwork. For the asynchronous case, attractor computation requi-

obtained attractors with the originally published ones. Like anyred 0.6 seconds on average. For the synchronous case where more



Table 1. ASP-G results and running times for common GRNSs found in the literature. Network: describes the original network model. Genes: number of genes
present in the network; Attractors: number of detected attractors; Update mechanism: synchrounous versus asynchrounous updating was used as describ
in the methods section; Activation rules* activation rules indicates that a gene becomes active when it has more active activating interactors than active
inhibiting ones, while thet activation rules indicate that a gene becomes active if it has at least one active activating gene and no inhibiting ones. Time:
running time on a Dell Latitude D820 notebook.

Networ k Reference Genes Attractors Update Mechanism Activation Rules Time
Yeast cell cycle Li et al.(2004) 11 7 Synchronous i 1.507
Ay et al.(2009) 11 7 Asynchronous r* 0.134

Fission Yeast Davidich and Bornholdt (2008 10 13 Synchronous 7 1.653

Ay et al.(2009) 10 15 Asynchronous r* 0.371

Th cell differentiation / 23 3 Synchronous rt 0.270
Garget al. (2007) 23 3 Asynchronous rT 0.206

attractors were found, the computation times took 71.9 seconds 0f2010b), Gebsegt al. (2010a) and Corbliet al. (2012)). Recently,
average. When applying the synchronous update scheme as uskdue (2011) showed in a theoretical comparison between Boo-
in Pedicini et al. (2010), ASP-G reproduced the four attractors: lean networks and the underlying semantics of ASP, that a strong
ThO, Thl, Th2 and ThX, as in the original paper. However, whenmathematical relation exists between the attractors/steady states ¢
trying to reproduce the attractors in the gene knock-out settingBoolean networks and the notion stable modelsommonly used
we found discrepancies with the results reported by Pedatiai. in ASP. We built upon this earlier result in our proposed method,
(2010). These discrepancies were caused by mistakes in the SAKSP-G.
based truth table used in the original publication. Supplementary The main added value of ASP-G is in its declarativity and modu-
Table S6 shows the corrected results for completeness. Note thhdrity: it allows users to easily test different update schemes and
these mistakes do not affect the biological conclusions made in thactivation rules when simulating the dynamics of their Boolean
original publication. However, it illustrates that specifying larger network model by selecting and modifying the appropriate modules.
networks with rather complicated behavior becomes cumbersomin addition, the fact that ASP-G is based on a declarative language
and error prone in paradigms like SAT, whereas this is much lessnakes it less error prone than other approaches such as SAT whic
the case for a declarative approach such as ASP-G. depend on the definition of difficult to interpret and tedious to con-
The existence of the ThX attractor and the observed pattern oftruct truth tables. Using an underlying declarative programming
gene activities in the attractors of the knock-out networks causegaradigm also makes ASP-G easily extendable to other paramete
the authors of Pedicinet al. (2010) to conclude that the active settings. Decoupling the problem definition from its solution thus
genes in Thl and Th2 cells do not play a counter-regulatory rolesllows for a greater flexibility compared to othad hocsystems
towards each other, contrary to what is traditionally believed. How-such asgenYsis (Garg et al. (2007)) andgeneFAtt (Zhenget al.
ever, when using the asynchronous update scheme, we noted tH2013)), where assumptions such as update scheme and activatic
the attractor ThX is no longer obtained. A similar pattern occurs forrules are already built into the system.
the knock-out networks, where the use of the asynchronous update We showed the correctness of ASP-G in simulating Boolean
scheme drastically changes the set of detected attractors companeetwork models and obtaining attractors under different assum-
to those detected using a synchronous update scheme: the numiggions by successfully recapitulating the detection of attractors of
of attractors found with the asynchronous update scheme for thpreviously published studies. Relying on a modular and flexible
knock-out networks ranges only between 2-5, whereas the numbeleclarative programming paradigm definitely comes at the expense
of attractors found in the synchronous case ranged between 286f being slower than the more dedicated systems to compute attra
1154. This finding suggests that the occurrence of the ThX attractactors, such agenYsis (Garget al. (2007)) andgeneFAtt (Zheng
and the existence of a large number of attractors in the knock-ougt al. (2013)). However, in terms of computational efficiency, ASP-
networks as found in Pediciet al. (2010) are only valid under the G proved to be quite fast (for small networks i.e. up to 23 genes
synchronous update scheme. It thus defines the boundary conditemputations are below a second, for larger networks i.e. up to 51
ons under which the conclusions of Pediatial. (2010) are valid  genes, the longest computation time took under 4.5 minutes). Also,
and highlights the relevance of performing modeling under diffe-ongoing research in ASP solvers (Gebseal. (2011a)) will make
rent scenarios, as offered by ASP-G, to put biological conclusiondt possible for ASP to reach a point where it outperforms other logic
in perspective. paradigms. This is definitely the case when comparing ASP with
Binary (or multiple) Decision Diagrams (Lee (1959)) used to calcu-
late attractors in Boolean Networks models for GRNs (Arellano
4 CONCLUSION etal.(2011), Naldiet al. (2007)) as they suffer from memory explo-

. . sion when the size of the network starts to become large (Clarke
In this paper, we presented ASP-G, a modular system to S|mulat8t al.(2001))
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