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ABSTRACT

Motivation: Standardized annotations of biomolecules in interaction
networks (e.g., Gene Ontology) provide comprehensive understan-
ding of the function of individual molecules. Extending such annotati-
ons to pathways is a critical component of functional characterization
of cellular signaling at the systems level.

Results: We propose a framework for projecting gene regulatory net-
works onto the space of functional attributes using multigraph models,
with the objective of deriving statistically signi cant pa thway annotati-
ons. We rst demonstrate that annotations of pairwise inter actions do
not generalize to indirect relationships between processes. Motiva-
ted by this result, we formalize the problem of identifying statistically
over-represented pathways of functional attributes. We establish the
hardness of this problem by demonstrating the non-monotonicity of
common statistical signi cance measures. We propose a stat istical
model that emphasizes the modularity of a pathway, evaluating its
signi cance based on the coupling of its building blocks. We com-
plement the statistical model by an ef cient algorithm and s oftware,
NARADA, for computing signi cant pathways in large regulatory net -
works. Comprehensive results from our methods applied to the E.
coli transcription network demonstrate that our approach is effective
in identifying known, as well as novel biological pathway annotations.
Availability: NARADA is implemented in Java and is available at
http://www.cs.purdue.edu/homes/jpandey/narada/

Contact: Jayesh Pandey, jpandey@cs.purdue.edu

INTRODUCTION

Gene regulatory networks represent powerful formalismsfode-
ling cell signaling. These networks are inferred from gergres-
sion, as well as other sources of data, using various stafistnd
computational methods (Friedma al,, 2000; Husmeier, 2003).
Recent studies on networks of speci ¢ organisms show thatr-n
actions between genes that take part in speci c pairs obbiohl
processes are signi cantly overrepresented (keal, 2002; Tong
et al, 2004). Generalizing such observations to pathways of arbi
trary length may allow identi cation of standardized patys,
enabling creation of reference databases of direct anceictdnter-
actions between various processes. Knowledge of such pgshis
useful, not only in general understanding of the relatignbetween
cellular processes at the systems level, but also in pingeekisting
knowledge of cellular organization of model organisms theot
species. Increasing availability of species-speci ¢ iat¢ion data,
coupled with attempts aimed at creating standardizedodiaties
of functional annotation for biomolecules provide the kienge
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base that can be effectively used for this purpose. Whatlsrig
is a comprehensive set of tools that combine these two seowfce
data to identify signi cantly over-represented patterfigteraction
through reliable statistical modeling with a formal congtignal
basis.

In this paper, we introduce the notion &inctional network
characterization derived from a gene regulatory network and asso-
ciated functional annotations of genes. We use the Gene-Onto
logy (GO) (Ashburneeet al., 2000) for annotations, however, our
methods themselves generalize to other networks and diumsta
Functional network characterization is based onabstractnotion
of regulatory interactions between pairs of functionafilatites (as
opposed to genes). In this context, we demonstrate thatoath
for identifying signi cant pairwise annotations do not gealize
to pathway annotations. We introduce the problem of identif
ing statistically over-representguhthwaysof functional attributes,
targeted at the identi cation of chains of regulatory irtetions bet-
ween functional attributes. We study the hardness of tloblpm,
focusing on the non-monotonicity of commonly used statisti
signi cance measures. We show that the problem is hard aleng
dimensions: (i) the pathway space of the functional attelnuet-
work, and (ii) the space of functional resolution speci ed 8O
hierarchy. Emphasizing the modularity of a pathway to ass#ss
signi cance, we propose a statistical model that focuseheroup-
ling of the building blocks of a pathway. We use this statsti
model to derive ef cient algorithms for solving the pathwagno-
tation problem. Our methods are implemented in a web-bas#d t
NARADA which provides an intuitive user and data interface.

Comprehensive evaluation ofARADA on anE. coli transcrip-
tion network from RegulonDB (Salgadet al, 2006) shows that
our method identi es several known, as well as novel pattsyay
at near-interactive query rates. Note that the current kege
of regulatory networks is incomplete, and limited to a fewdwmlo
organisms. Therefore, the application of our method onecly
available data does not provide a comprehensive librarggidla-
tory network annotation. On the other hand, the partial tatian
provided by our method forms a useful basis for extending our
knowledge of regulatory networks beyond well-studied peses
and model organisms.

BACKGROUND AND MOTIVATION

Results from previous studiesLee et al. (2002) study theS. cere-
visiaetranscription regulation network with a view to understagd
relationships between functional categories. They olestat tran-
scriptional regulators within a functional category conmiyobind
to genes encoding regulators within the same categaxy, (cell
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Fig. 1. Pairwise assessment of regulatory interactions betweantifu
nal attributes may result in identi cation of non-existepatterns. Two
regulatory networks are shown in (a) and (b). The nodes #eldd by
corresponding genes and each gene is tagged with a set ¢ibhaicattri-
butes. The network of functional attributes resulting fromth networks,
considering only pairwise interactions, is shown in (c).

cycle, metabolism, environmental response). They alsortepat
many transcriptional regulators within a functional catggbind to
transcriptional regulators that play key roles in the colndf other
cellular processes. For example, cell cycle activatorebserved to
bind to genes that are responsible for regulation of meistnpkenvi-
ronmental response, development, and protein biosysth&sng
et al. (2004) identify putative genetic interactions in yeast sya-
thetic genetic array (SGA) analysis and investigate thetfanal
relevance of their results in the context of GO annotatiditgey
construct a network of GO terms by inserting an edge betwegn a
pair of terms that aréridged by a signi cant number of interac-

Fig. 2. (a) A sample gene regulatory network and the functional tatiom

of the genes in this network. Each node represents a unique @ed is
tagged by the set of functional attributes attached to tleaeg Activator
interactions are shown by regular arrows, repressor ictierss are shown
by dashed arrows. (b) Functional attribute network derifrech the gene
regulatory network in (a). In this multigraph, nodes (fuoial attributes)
are represented by squares and ports (genes) are repcesgtark circles.

Motivating example. Two regulatory pathways are shown in
Figure 1 — each node is identi ed by its corresponding geme (
and tagged by the functional attribufg { associated with the gene.
In Figure 1(a), genesg:, g2, andgs indirectly regulate genegs,
0s, andgy through geneys. In Figure 1(b), the network is isola-
ted and there is no indirect regulation. Now assume the n&two
of functional attributes derived from the simple methodadibed
above, separately for each gene network. For both netwsitkse
all genes associated with functional attribliteregulate a gene with
T», one may conclude that regulatingT, is signi cant. A simi-
lar conclusion follows for the regulatory effect  on Ts. If only
pairwise interactions are considered, we derive the sartveorie

ting gene pairs. Here, two GO terms are said to be bridged by aff functional attributes from both genetic networks (Figur(c)).

interaction if one of the interacting genes is associateith whe

This network clearly suggests that functional attribtitdndirectly

of the terms, and the other gene with the second term, but neitegulatesTs throughT,. This is indeed a correct observation for the

her is associated with both terms. They show that the regulti
network is clustered according to underlying biologicabgasses,
while some biological processes buffer one another. Fompie,
microtubule-based functions buffer both actin-based aNé Byn-
thesis or repair functions, suggesting coordination aséfenctions
through interaction of various genes.

Approach. Establishing functional relationships from gene inter-
actions is essential to understanding functional orgéioizeof a
cell. Current investigations are limited to case-spectedies that
generally focus on validation or evaluation of results thyio sim-
ple statistical analyses — yet they provide signi cant gis (Lee
et al, 2002; Tonget al, 2004; Gamalielssoet al., 2006). Com-
putational tools that are based on sophisticated absirectind
customized statistical models are likely to yield novelghss. The
basic approach for integrating existing knowledge of gestevarks
and functional annotations is to project the network in teme
spaceonto thefunctional attribute spactéhrough mapping of genes
to attributes as speci ed by the annotation. A simple metfard
achieving this annotates each gene with its function andtigs
overrepresented interacting annotations. This methddsyiatere-
sting insights, as illustrated by Torgg al. (2004) in the context of
synthetic genetic arrays. This model, however, does natrgdine
beyond pairwise interactions since each interaction betveepair
of functional attributes is within a speci ¢ context (a difent pair
of genes) in the network, as illustrated by the followingrapée.

network in Figure 1(a). However, this is not true for the natkvin
Figure 1(b).

To address this problem, we develop a formal framework for pr
jecting a gene network on to a network of functional attrds,iusing
multigraphmodels that accurately capture the context in which an
interaction occurs. Through this framework, we generapaé-
wise interactions between functional attributes to thelfideation
of regulatory pathways of functional attributes.

METHODS

We now describe the biological, statistical, and compaieti
formalisms that underly our methods.

Formal Model for Functional Attribute Networks

A gene regulatory networls modeled by a labeled directed graph
G(Vs;Ec;Mg). In this network, nodegi 2 Vg represent genes.
Directed edga®ig; 2 Ec, wheregi; g 2 Vg, represents a regula-
tory interaction between gengsandg;. Mg : Eg !'f +; ;g
speci es a labeling of edges that represents the mode ofatgu:
activation (), repression (), or dual regulation (). A sample
gene regulatory network is shown in Figure 2. In our disarsdior
the sake of simplicity, we omit the mode of regulation anchttia!
interactions as activator interactions, whenever apjpatgr

Each gene in the network is associated with a sefuattio-
nal attributes These attributes describe a functionahotationof
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the gene,i.e,, they map an individual biological entity to known
functional classes.

DEFINITION 1. Functional Annotation. Given a set of genégs
and a set of functional attributed: , let 2V¢ and 2% denote the
power set oz and Ve, respectively. Then, functional annotation
A(Vs;Ve) = fF ;Ggde nes mapping® : Vo ! 2F andG:
Ve | 2V, such thatT; 2 F (g) if and only ifg: 2 G(T;), for
anyg 2 Ve andT; 2 Vk. The frequency of;, (T;) = jG(T;)j,
is equal to the number of genes that are mapped to

In Figure 2(a), each gerg is tagged with the functional attribu-

tesinF (gi). For eachl;, G(T; ) is composed of the genes tagged by F(Ve;

T; . We use Gene Ontology (GO) (Ashburretral., 2000) as a refe-
rence library for annotating genes. For each gene, GO spethe
molecular functionsssociated with ithiological processek takes
part in, andcellular component& may be part of. The functional
attributes in GO, known as GO terms, are organized hiercatiii
throughis a andpart of relationships. For example, 'regulation of
stereoid biosynthetic process' is a 'regulation of stedanietabolic
process' and is part of 'stereoid biosynthetic process'isTiier-
archy is abstracted using a directed acyclic graph (DAGYhls
representation, if; is a, or part ofT; , thenG(T;) G (T;),i.e, the
genes associated wiilh form a subset of genes associated With
In this casejT; is said to be garentof T;. A term may have more
than one parent,e, G(Ti) G (T;) andG(Ti) G (Tk) does not
imply G(T;j) \ G (T«) = G&(Tj) [ G (Tk). Furthermore, there is a
uniqueTo 2 Ve with no parent, calledoot, such that3(To) = Ve.
In the rest of this section, we use a network of functionailaites
with no constraintse.g, GO hierarchy) on functio®. We discuss
the issue speci cally relating to the GO hierarchy when adding
the implementation of NRADA.

We model networks of functional attributes using multidrapA
multigraph is a generalized graph, where multiple edgealéioweed
between a single pair of nodes.

DEFINITION 2. Functional Attribute Network. Given gene
regulatory networkG(Vs; Eg), a set of functional attribute¥e ,
and functional annotatiol\ (Vs ; V) = fF ;Gg the correspon-
ding functional attribute network (Ve ; Er) is a multigraph de -
ned as follows. The set of functional attributés is also the set
of nodes inF. Each nodel; 2 Ve contains a set of ports corre-
sponding to the set of genes associated Withi.e., G(T;). Each
multiedgeT; T; is a set of ordered port pairs (edgex)g-, such that
O 2G(Ti),g 2G(Tj), andgg 2 Ee.

The functional attribute network corresponding to the gesgi-
latory network in Figure 2(a) is shown in Figure 2(b). Thislmu
tigraph model captures the context of each interaction rately
through the concept of ports. As illustrated in Figure 1, #imple

graph model is used, paths that do not exist in the gene networ

emerge in the functional attribute network. This is not fassin
the multigraph model, since@athmust leave a node from the port
at which it enters the node.

DEFINITION 3. Path. In functional attribute network (Ve ; Er ),
apath = f(Ti,;0,);(Ti,:0,); 5 (Ti.; g, )9 is an ordered set
of node-port pairs such that (iJi, 6 T, forl r<s k
(nodes are not repeated), (), 2 G(T;,) forl r Kk, and (i)
0:9,, 2T, Ti,, 2Erforl r<k (consecutive edges are
connected through the same port). Thelengthisfi j 1=k 1

In Figure 2(b), f(T1;01);(T2;03);(T4;06)g is a path but
f(T1;091);(T2;094); (T4; gs)g is not, since multiedg&, T> does not
contain the edgg: g4. Note that allowingli, = T;, andgj, = g,
we may also include cycles in this de nition. According t@ethbove
de nition, paths are characterized by ports. While analgziegu-
latory pathways of functional attributes, however, we aterested
in paths that are characterized by nodes in the functiotidbate
network. Clearly, such pathways may correspond to mulpplths
in the functional attribute network. Therefore, we modelnthusing
multipaths

In functional attribute network
Er), a multipath = fT;,;Ti,;:; T, g is an ordered
set of nodes such that (i, 6 T, for 1 r <s k,
and (ii) there existg;, 2 T, for 1 r k, such that
f(Ti;041): (T 9,): 5 (T 0, )9 is a path. The occurrence
setO() of consists of all distinct paths that satisfy (ii) and
each such path is called an occurrence of The frequency of ,
()= jO() j,is equal to the number of occurrences af

We use the termpathway and multipath interchangeably, to
emphasize the biological meaning of a multipath. Allowihg =
Ti,, we also extend this de nition tonulticycles occurrences of
which correspond to cycles in the gene network. In Figurg,2(b
fT1;T2; Tag (also denoted’s ! T, a Ts throughout this paper)
is a multipath with frequency four. On the other hand, maltip
T, a T4 ! T3 does not exist in this network,e., it has fre-
quency zero, although multiedgés a T4 andTs ! T3 both exist.
Note that the distinction between activator and inhibitteractions
is emphasized in this example for illustrative purposesilenhis
omitted in the de nition for simplicity. A multipath witthigh fre-
quency is likely to be biologically interesting, since itrmesponds
to a regulatory pathway of functional attributes that regavarious
contexts in the underlying cellular organization. In orttequantify
this biological signi cance, it is useful to evaluate freancy from a
statistical perspective.

DEFINITION 4. Multipath.

Hardness of Signi cant Pathway Identi cation

Raw counts have long been used as a measure of signi cance —
primarily because of the resulting algorithmic simplicifjhis is

a direct consequence of itsonotonicityproperties, namely that a
subgraph (or substring/subset) of a frequent graph (arggset) is
itself frequent (Koyuturket al, 2006b). In identi cation of signi -
cantly overrepresented pathways of functional attribtesjuency
alone does not provide a good measure of statistical signice.
This is because, the degree distribution of gene regulaiyorks
and the distribution of the frequency of functional atttémiare both
highly skewed. Consequently, paths including functiornaitautes
that are associated with high-degree gereeg,(molecular functi-
ons related to transcription) and those associated withyrganes
(e.g, GO terms that are at coarser levels of GO hierarchy) arlylike
to dominate. For this reason, a statistical measure thastako
account these distributions is needed.

Monotonicity of common statistical signi cance measureg/e
identify the basic properties of a useful measure of stedist
signi cance.

PropPosITIONL. Statistical Interpretability. Consider a seX
of binary random variables and the set of corresponding plzge
onsx, whereX = 1 for X 2 X corresponds to an observation
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Fig. 3. Example illustrating that an interpretable measure oissiea!| signi-
cance is not monotonic with respect to GO hierarchy. GO t&finy and
T12 are parents of 1. The regulatory effect 6f11 on Tz is more signi cant
than that ofT1, but the regulatory effect df1» is less signi cant.

supporting a hypothesis. Lét(X = x) be a real-valued func-
tion, used to assess the statistical signi cance of theewbibn of
observations de ned by. LetX andY be disjoint binary random
variable setsj.e, X \' 'Y = ;, and letx andy be the respec-
tive observation sets. A functidnis statistically interpretable if it
satis es the following conditions:

(i) fy=08y2y,thenf (X =
(i) fy=18y2y,thenf (X =

X)<f(X[Y =
X)>f(X[Y

x[y)
x[y).

Here, without loss of generalitf/(X = x) <f (Y = y)implies
that (X = x) is a more interesting observation thevi = vy).
More generally, the binary random variables characterigattern,
and a larger set of these variables corresponds to a largerq@
general) pattern. This property simply states that aduldipositive
(negative) observations should increase (decrease) oudartce
that a pattern is interesting.

Most signi cance measures used in the analysis of discrigte b
logical data are statistically interpretable. Consider, éxample,
the identi cation of signi cantly enriched GO terms in a sef
genes. For a given term, the binary variabl&s),( one for each

a binary random variable indicating the existence of therezor
sponding path in the underlying regulatory network. Cheatthe
frequency of multipathf Ti ; Ti,; ::; Ti, g is equal to the sum of
the realizations of these random variables. Xetbe the set of
these random variables. Now, without loss of generality)siter
pathwayf Te ; Ti,; i Ti, 9, such thatTe is a parent ofT;,, i.e,
G(Ti,) G (Te). Then, for each gengr 2 G(Tp) N ((Ti,),
there are multiple additional random variables, each feg oh
for;0,;: 0,0 LetY be the set of these random variables. In
this setting, the de nition of statistical interpretabylidirectly app-
lies. If all paths of the sofftgr ; g;,; :::; gj, g exist in the underlying
regulatory network, then the pathwdye; Ti,;::; Ti, g is more
signi cant thanf T, ; Ti,; ::5; Ti, 9. If none of them exist, then the
pathway containing the child is more signi cant. Applyindndo-
rem 1, we conclude that a statistically interpretable fiom;tthat
quanti es the signi cance of the frequency of a multipath time
functional attribute network, cannot be monotonic withpexs to
GO hierarchy.

The example in Figure 3 illustrates this point. Here, bbth and
T12 are parents of;. Since all genes that are notT but in T11
regulateTs, the regulatory effect of11 on T3 is more signi cant
than that ofT,. Since none of the genes absenfinbut present in
T12 regulateTs, the regulatory effect oT1, on Ts is less signi -
cant than that oT;1. Thus, any statistically interpretable meastire
should satisfyf (T11 ! T3) < f (Tl ! T3) < f (T12 | T3),
which violates monotonicity. Note also that frequency, ethis
monotonically non-decreasing with respect to height (jnity to
root) in GO hierarchy, is not statistically interpretabke T, !
T3)= (Ti2! Ta).

This result can be interpreted as follows. GO hierarchy ds a
combinatorial space of resolution for pathways of funcioattri-

gene K 2 X), indicate whether the gene is associated with thebutes. In other words, a pathway may be generalized or dizeda

term X = 1). Adding a new geneY( = fYg) to this set will
improve the signi cance of enrichment (x) < f (x [ y)) if the
new gene is associated with the terth € 1). If not (Y = 0),
the enrichment of the term in the new set will be less signitca

by replacing a node (GO term) in the pathway with one of itssanc

stors or descendants in the GO DAG. Since this can be done for

each node in the pathway, the size of this space is expohamtia
pathway length. However, as demonstrated above, the signce

(f(x) >f (x[ y)). Indeed, existing methods and statistical mea-of a pathway uctuates in this space. Consequently, allisignt

sures for this problem demonstrate this property (Hstead., 2005;
Grossmanret al., 2006).

pathways cannot be ef ciently identi ed using traditioniabuctive
techniques, by starting from the highest (lowest) resoiutn GO

Now we show that, in contrast to approximations that do nothierarchy and pruning out coarser ( ner) terms in chunks.

take into account the size of the sample spazg,(frequency),
statistically interpretable measures of signi cance dd possess
monotonicity.

THEOREM 1. Letf be a monotonically nondecreasing (nonin-
creasing) functionj.e, foranyX Z andx z,f(X = x)
f(z=2)(f(X =x) f(Z = z)). Thenf is not statistically
interpretable.

PrROOF Without loss of generality, assunfieis nondecreasing.
LetY be a set of binary random variables, ande a set of cor-
responding observations, such ti&st 2 y, y = 1. Sincef is
monotonically nondecreasing, we haX = x) (X[ Y =
x [ y). This contradicts conditiofii) in Proposition 1. |

Monotonicity with respect to GO hierarchyWe now show that
this result directly applies to the monotonicity of usefigrs -

Alternate approaches to this problem are necessary, ngt onl
in the context of signi cant pathway identi cation, but aother
combinatorial problems in systems biology that involveiehical
annotations. One possible approach is to develop a meafsstiaio
stical signi cance that admits a tight bound on the signinca of a
pathway in terms of the frequencies of pathways that are &freeh
(lower) GO resolution. The discussion above clearly derrates
that it is not straightforward to do so. Indeed, the stai@tmodel
we introduce in the next section does not easily lead to sigth t
bounds, since it emphasizes tm@dularity of a pathway to assess
its signi cance. Consequently, in our implementation oARADA,
we use the most speci ¢ GO terms as the default resolutionebe
lopment of measures and methods that effectively pruneants pf
the GO space remains an open problem.

Monotonicity with respect to pathway lengthWe apply Theorem 1

cance measures with respect to the GO hierarchy. Consider ao the multipath space of a functional attribute netwoik,, to

ordered set of GO term&T;; Ti,;:::; Ti, 9. For any ordered set
fg.:0,;:5 0, 9suchthaty, 2 G(T;,)forl r Kk, dene

the relationship between a multipath and its subpaths. Agsrée
a multipath is represented by a set of binary random vasable
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each corresponding to one of its potential occurrencegidfitioss
of generality, consider multipathsy = fT;,;Ti,;:; Ti, g and

Motivating example. We illustrate the notion of the signi cance of
coupling between regulatory interactions using the reguanet-

k 1= fTi,;Ti,; 5 Ti, ;0. The random variables that represent work and its corresponding functional attribute networkwsh in

x do not form a superset of those that represant; . Rather, they
areextension®f them, as de ned below:

DEFINITION 5. Extension.Given a seiX , an extensioZ of X,
denotedZ D X, is de ned as follows. EacX 2 X, is attached to
asubseZx Z.EachZ 2 Z is attached to exactly on¢ 2 X,
i.e,foranyXi1;X22 X, Zx, \ Zx, = ;.

Each potential occurrence ofy is a superpathof exactly one
potential occurrence ofx ; and there may be multiple such occur-
rences of  that correspond to a particular occurrence @f 1
Therefore, the set of random variables that represenform an
extension of the set of random variables that represent;.

PROPOSITION2. Statistical Interpretability w.r.t. Extension.
ConsiderX, x, andf (X x) as de ned in Proposition 1. Let

Z D X and letz D x be the respective observation set. A function is more likely to bemodular compared td !

f is statistically interpretable with respect to extensibit satis es
the following conditions:

(i) If forall x 2 x suchthatx = 1,z =0 8z 2 z, then
f(X =x)<f (Z=2),
(i) If forall x 2 x suchthatx = 1,z =1 82z 2 z, then

f(X=x)>f(Z=2).

Figure 2. In this example,(T1 ! T2)= (T2a T3)= (T2!
T4) = 2, i.e, regulatory interactiond; ! T, T, a T3, and
T, ! T4 occur twice. Furthermore, regulatory pathway (multi-
path in the functional attribute networl)y ! T, a Ts occurs
four times,i.e, (T1 ! Tz a T3) = 4. Observe that, given
the frequencies of1 ! T, andT, a Ts, this is the maximum
value (T1 ! T, a T3) can take. In other words, any gene with
annotationT», which is up-regulated by @; gene, always down-
regulates ars gene. This observation suggests thEt, plays an
indirect, but important role in the regulation ®f. On the contrary,
(T2 ! T2 ! Ta4) = 2, since genays with annotationT, up-
regulates d4-gene @), but it is not regulated by &;-gene. These
observations suggest that the coupling between regulattsacti-

onsTy ! T, andT, a Tz is stronger than the coupling between
T1! ToandT2! Ts4.Inotherwords, the pathwalyy ! T, a Ts
To ! Ta.

We develop a statistical model that evaluates the modylafit
regulatory pathways based on the coupling between thelidibgi
blocks. For each pathway, our model assumes that the freguen
of the building blocks of a pathway are knowirg., constitute the
background distribution. We quantify the statistical sicemce of
a pathway with the conditional probability of its frequerigsed on
this background.

Baseline model. To quantify the signi cance of a pathway of

Eachx = 1 corresponds to an occurrence of the correspondingshortest lengthife., a single regulatory interaction), we rely on a

pathway. Consequently, statistical interpretability hwiespect to
extension of a pathway requires the following. If for all ao@nces
of « 1, all corresponding potential occurrences af exist in the
network, then  is statistically more interesting thary 1. If none
of them occurs, then 1 is more interesting.

COROLLARY 1. Letf be a monotonically nondecreasing (nonin-
creasing) function with respect to extensioa, foranyZ D X and
zDx,f(X =x) f(Z=2z)Ff(X =x) f(Z= 2z)).Thenf
is not statistically interpretable with respect to extenmsi

The example shown in Figure 1 illustrates this result. Irhbumft

the scenarios shown in Figure 1(a) and ()T ! T2) = (T2!
T3) =3.In(@), (T1! T2 ! T3) =9, ie, condition(i) in
De nition 2 (all potential occurrences @, ! T, ! Tz, given the

occurrences of; | Ty, exist in the network), hence the pathway
T1! T2 ! Tsis moreinteresting than boffy ! T, andT, !

Ts. In (b), on the other hand,(T1 ! T2 ! T3) = 0 (condition
(i) holds), sobotif1 ! T, andT,! Tz are more interesting than
To! To!
present in the next section.

Statistical Model for Pathways of Functional Attributes

We present a novel statistical model for assessing the sagrie
of the frequency of a multipath in a functional attributeweik.
In this approach, the “interestingness” of a pathway is ciased
with its modularity; i.e., the signi cance of the coupling of its buil-
ding blocks. In statistical terms, this is achieved by ctoding
the distribution of the frequency (modeled as a random kla)a

of a pathway on the frequency of its subpaths (modeled as xedved functional attribute network,e., n

parameters).

Ts. This discussion motivates the statistical model we

reference model that generates a functional attributear&tvl his
model takes into account (i) the degree distribution of thdeu-
lying gene network, as well as (ii) the distribution of thenmher

of genes associated with each functional attribute, basethe
independent edge generation paradigm commonly used in-mode
ling networks with arbitrary degree distribution (Chuetgal., 2003;
ltzkovitz et al,, 2003). Note that this model is better suited to mul-
tigraphs than simple graphs (King, 2004). We refer to thislehas
thebaseline modeland denote iB.

The baseline model is de ned by a set of parameters, and speci
the expectedhultidegreeof each node in the functional attribute net-
work. Here, the multidegree of a node in a multigraph referthe
number of multiedges incident to that node. Given gene eggoy
network G(Ve; Ve ), functional attribute seVr, and annotation
A (Vs ; Ve), the expected in-degregT;) and out-degree(T;) of
a functional attributd; 2 V¢ are estimated as follows:

N= [Ty =

T 2Ve

(Tim): "= Lm) =

T2V

(T Ti);

1)

where we denote the estimate of a parametey ®. Note also that,
if f is a function ofx, we usef; to denotef (x;) whenever appro-
priate. Given these parameteB,generates a functional attribute
network as follows: there is a pool pbtential edgeshat contains

i j potential edges between each pair of Bmctional attriblites
andT; . The size of the pool is given byn = = 1 .+ 5y, i A
total ofn edges are drawn from this pool, independently and without
replacement, whene is equal to the numbg of edge§ in the obser-
. Let
Bi = B(Ti) andD; = D(T;) denote the random varlables that
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p-value of the coupling between;; and jx is de ned as follows:
Pk = PCax a1 = 15 ok = )i (4)

Our model for the distribution of 1, given 1; and jx , is

illustrated in Figure 4. Assume that a pool contains all fes
occurrences of multipat iy Tiis Tig g andfaj ;T 5T 0.
Clearly, there areny; = ~!_; i andmy = ~%, i poten-
tial occurrences of each multipath. This is shown in Figui®).4
Now consider a pair of paths, one corresponding to a potentia
occurrence of 1;, the other to 1x. Such a pair corresponds to
a path,i.e., an occurrence of 1., only if the second path origina-
tes in the port in which the rst one terminates. This is ithated
in Figure 4(b) and (c). Since there are; and jx occurrences
of 1j and jx , respectively, the problem is formulated as fol-
lows: we draw 1; paths frommgy; potential occurrences of 1

Fig. 4. Model t_esti'ng.whether the frequency qf path! T2 ! Ts,given and . paths frommj, potential occurrences of jx , forming

T;Zer:nadre 23 'S: Selg;:]gam (i) 4P°°| ObeI;SS»TIblé'l(;FTz ?nd ElT3 edges'_ 1j jx pairs. What is the probability that in at leastx of these

L2 2 3= 4 possiblels 12 andii 13 €0ges, TeSPEC- 1 irs 'the port of; will be common?

tively. (b) A possible pair of edges that corresponds to a.f@&) A possible . . - . .
pair of edges that does not correspond to a path. {gl)= 2 T, T» edges and We approximate this proPab”'ty using our resuIF Onl the bedra
23 = 2 T, T3 edges are randomly selected from the pool. (e) A possible®f dense subgraphs (Koyutiekal, 2006a) and Chvatal's bound on
con guration of selected edges. In this casezs = 2. hypergeometric tail (Chvatal, 1979). In order to applystneesults,
we resolve dependencies assuming that the selected pashapai

independent from each other. Then, lettipg= 1= ; be the pro-
correspond to the in and out degreeg ofn the generated network. bability that a given path pair will go through the same gend a

Then, we have tijk = 1x= 15 jk be the fraction of observed paths among all
p existing pairs, we obtain the following bound:
X n X L
E[Bi]= iy T jP———= i (2 Pujk  exXp( 1j jk He (tagx )); (5)
]

i i K
: : whereHq(t) = tlog 2+(1 t)log -2 denotes weighted entropy.

and similarlyE[D;] = ;. In other words, the expected values of This estimate is Bonf@rroni-gorrected for multiple tegtine,, it is

. K . .
multidegrees in the generated network mirror the specioret. adjusted by afactorof j_, | or, F (9)i-

Signi cance of a regulatory interaction.Let () denote the NARADA: A Software for Identi cation of Signi cant

random variable representing the frequency of pathwain the Regulatory Pathways

generated functional attribute network. Clearly, = ( TiTj) is  Based on the above statistical model, we develop algoritanas

a hypergeometric random variable with parametargnumber of 5 comprehensive software tool, ANADA, for projecting gene

items), i j (number of good items)) (number of selected items), yegulatory networks on the functional attribute domain.

and j (number of selected good items) (Feller, 1968). Hence, the The input to M\RADA consists of three les: (i) a gene regula-

p-value of a regulatory interactiom; T; in the observed network, tory network, in which the source gene, target gene, and theem

i.e., the probability of observing at least; interactions between  of interaction are speci ed for each regulatory interati¢ii) spe-

genes associated with and genes associated with, is given by ¢ cation of the functional attributes and their relatioesg, Gene
Ontologyobo le), and (iii) annotation le that speci es the map-

min i g i m o ping between genes and functional attributes\RWNDA currently
pi = P( j i jB) = ——— () handles three types of queries:
. ,

J Q: Given a functional attribut&, nd all signi cant pathways
Signi cance of a pathway. We now present a statistical model that are regulated by (originate from) genes that are aest®ati

to assess the statistical signi cance of a pathway of fumeti with T.
attributes, which assumes a background distribution basethe Q: Given a functional attribut&, nd all signi cant pathways
occurrence of the building blocks of a pathway. Let denote the that regulate (terminate at) genes that are associatedrwith

pathfTi ;Ti,; =5 Ti, 9. Forl < j < k , we want to evaluate the
signi cance of the coupling between pathways; and jx . In
other words, we want to understand how strong a conclusiohneof
sort “If a geneg: 2 G(Ti, ) is regulated through a chain of regu-
latory interactions characterized byi; , then this gene is likely to A pathway is identi ed as being signi cant if itp-value is less than
regulate ar;, gene through pathwayjx ” (or vice versa) can be. the critical -level, a user de ned parameter.

To achieve this, we assume a reference model, in which the NARADA delivers near interactive query response using a novel,
frequency of pathways 1; and jx is establishedi-priori. Let biologically motivated pruning technique. We call a patfséon-

ik and ik denote( ix)and ( ik ), respectively. Then, the gly signi cant if all of its subpaths are signi cant. In biological

Q: Given a sequence of functional attributgs; Ti,; ::5; Ti, ,
nd all occurrences of the corresponding pathway in the gene
network and determine its signi cance.
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Table 1. Total number of signi cant pathways found byARADA onE. coli
transcription network for various path lengths.

Pathway length 2 3 4 5

All signi cant pathways 427 580 1401 942
Strongly signi cant pathways 427 208 183 142
Short-circuiting common terms184 119 3 1

terms, a strongly signi cant pathway is likely to corresploto a
signi cantly modular process, in which not only the buildiblocks
of the pathway, but also its constituent building blocks tghatly
coupled. In the context of queries implemented inRRMDA, these
subpaths are limited to those that originate from (ternairsd) the
query term. The option for searching strongly signi canthmis
also available in RRADA.

The main motivation in identi cation of signi cant regulaty
pathways is understanding the crosstalk between diffqreates-
ses, functions, and cellular components. Therefore, fomstand

(@)

processes that are known to play a key role in gene regulation

(e.g, transcription regulator activity or DNA binding) may ol@ad
the identi ed pathways and overwhelm other interestingtgras.
However, genes that are responsible for these functiontikaig
to bridge regulatory interactions between different psses (Lee

et al, 2002), so they cannot be ignored. For this reason, such G

terms are short-circuited,e., if processT; regulatesT;, which

(b)

Fig. 5. Sample signi cantly overrepresented pathways in Ecolhsip-
ion network. (a) DNA recombinatioh transcription! phosphorylation

) transcriptionj agellum biogenesid cell motility. The pathways in
functional attribute space are shown on the upper panét,dbeurrences in

is a key process in transcription, afig regulates another process e gene network are shown on the lower panel.

Tk, then the pathwayf; !
interactionT; ! Tk.

T; ! Tk is replaced with regulatory

RESULTS AND DISCUSSION

We test NRADA comprehensively on th&. coli transcriptional
network obtained from RegulonDB (Salgaét al., 2006). The
release 5.6. of this dataset contains 1364 genes with 3Thfare
tory interactions. 193 of these interactions specify deglfation.
We separate these dual regulatory interactions as up anal Ggu-
latory interactions. We use Gene Ontology (Ashbuseteal., 2000)
as a library of functional attributes. The annotatiorEofcoli genes
is obtained from UniProt GOA Proteome (Camenal, 2004).

paths of length 4. Strongly signi cant pathway%., those obtained
by extending only signi cant pathways, compose a signi taor-
tion of the highly signi cant pathways. This observationgygests
that signi cantly modular pathways are also likely to be qused
of signi cantly modular building blocks.

Discussion. One of the prominent features of the detected signi-
cant pathways is that a large number of them begin with terms

relating to transcriptional and translational regulatignile ending
in other cellular processes (Figure 5). This can be exptainethe
fact that the network consists of a set of transcriptiondagenes

Using the mapping provided by GO, the gene network is mappe@nd set of genes regulated by them. Therefore, most of theareg

to functional attribute networks of the three name spaceG@n
Mapping to the biological process space provides maximuwereo

tory pathways of length 3 or more have to begin at or ow thrioug
this set of genes annotated with processes relating toctiatien,

age in number of genes annotated, 881 genes are mapped to omanslation, and regulation thereof. Pathways involvitigeo pro-

or more of 318 process terms. We discuss here results obtaine
this mapping only. Results relating to molecular functiansl cel-
lular components, as well as comprehensive results on pgthaof
biological processes, are available at theRMDA website.

We use MRADA to identify all signi cant forward and reverse
pathways of length 2 to 5. In order to identify these paths ruve
queriesQ andQ with a critical of 0:01 on all 318 biological pro-
cesses. The number of pathways obtained using combinatichs
algorithmic options described in the previous section a@vs in

Table 1. On a Pentium M (1.6GHz) laptop with 1.21GB RAM the

brute-force approach takes on average 0.5 seconds perfqupath
length 2, to 12 seconds per query for paths of length 5. Fongly
signi cant paths, it takes less than 2 seconds per querydtrgof
length 5, while for shortcutting terms it is 8 seconds perrgder

cess terms occur with lower frequency, but most of them agklyi
signi cant.

Samples of pathways obtained are shown in Table 2. Some

pathways like (sensory perception transcription! transport)
occur frequently and may constitute a common mechanisnefr-r
lation of transport related activities. Parts of the sigaint pathways
that regulate phosphorylation via genes involved in trepson and
DNA recombination are shown in Figure 5(a). As genes inwblve
in transcription are abundantly present in the networki pathe
pathway DNA recombination transcriptior) occurs rarely 12
times) and is not signi cant, but i of the 12 times it occurs,
the genes involved in transcription regulate phosphapnatThe
s transcriptional regulator is responsible for regulatidnnaoA-
N operon (Wackwitzet al, 1999), while thefhlA transcriptional
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Table 2. Selection of signi cantly overrepresented pathways idedtby N ARADA on E. coli transcription network.

generation of precursor metabolites and energy
transcription  sensory perception

transcription!  cell motility

sensory perception regulation of transcription, DNA-dependént peptidoglycan catabolic process

Frequency p-value Pathway

217 2.7E-49 sensory perceptign transcription! transport

64 7.1E-32 regulation of translation DNA recombinationl transport

50 2.0E-24 regulation of translation DNA recombinationj

45 1.1E-23 molybdate ion transpdrt sensory perception metabolic process
34 1.6E-8 two-component signal transduction system (dihmgtay) j

36 9.1E-8 transcriptiorj agellum biogenesid chemotaxis

37 6.7E-5 two-component signal transduction system (gihogtay)!

6 6.2E-3

8 6.2E-3  translatiorj regulation of transcription, DNA-dependept detection of virus
8 45E-3 glcolysid transcriptionl amino acid biosynthetic process

activator regulates thayf locus (Hopperet al, 1994; Skibinski

et al, 2002). Indeed, it is observed that the integration host fac
tor (ihfA,ihfB) affects the regulation of these phosphorylation related
genesuoA-N, hyf hyxdirectly and indirectly (Hoppeet al, 1994;
Nassekt al.,, 2002).

In Figure 5(b), signi cant pathways that regulate cell riittiare
shown. This is part of a response to a query of tgpeThe hD
operon that encodeBC and hD has been shown to act as positive
regulator of agellar regulonsi¢ g ) (Liu and Matsumura, 1994).
The agellar master operorhDC, in turn, is tightly regulated at
the transcriptional level byscAB, fur, ompR(Ko and Park, 2000;
Lehnenet al, 2002; Francez-Charlat al, 2003). The output of
NARADA captures this indirect regulation of agellar expression
perfectly.

Case Study: Regulatory Network of Molybdate lon Transport.
Figure 6 shows all signi cant paths of maximum length 3 reged!

by molybdate ion transport. The genes associated with rdalgb
ion transport arenodEand the operomodABCD but it has been
observed that the gemeodEdown-regulates the operanodABCD
(McNicholaset al, 1997), and the operon does not regulate any
other gene. The three pathways at the bottom of the gurelse t
only signi cant paths of length 2 originating at molybdataitrans-

Fig. 6. Direct and indirect regulation of various processes by imdée ion

port. As can be seen on on the upper side of the gure (paths ofransportand the corresponding gene network.

length 3), molybdate ion transport promotes and suppressesis
processes indirectly, through DNA-dependent regulatibriran-
scription, two-component signal transduction system, iticite
assimilation. It is important to note that direct regulatiof these
intermediate terms by molybdate ion transport is not sigant
by itself. By extending the search beyond pairwise intéoast
NARADA is able to capture these signi cant indirect interactions
successfully.

The paths of length 2 mirror the direct regulatiornodaABCDE
operon (McNicholasgt al.,, 1997) andbppABCDFoperon (Tat al.,
2005) bymodE FurthermoremodEindirectly regulates cytochrome
complex assemblgcmoperon (Overtoret al., 2006), electron trans-

regulatory effect on several other processes with the iomak
associations ofiarL.

An interesting observation is that, even though the regnas
mediated by the same gene, different biological processss-a
ciated withnarL are found to mediate the regulation of different
processes. Consider the paths molybdate ion transpdvto com-
ponent signal transductiofn cytochrome complex assembly (1)
and molybdate ion transpadrt nitrate assimilationj cytochrome
complex assembly (2). Even though the underlying genes tin bo
pathways are identical, the signi cance values assighddAADA

portnapoperon (McNicholas and Gunsalus, 2002), nitrate assemblyo each of them is different (one is found to be signi cant ishihe

nar operon (Selfet al, 1999), and mitochondrial electron trans-
port nuo operon (Bongaertst al., 1995; Overtoret al., 2006). All
these indirect regulations occur through genes involvetspira-
tory nitrate reductasearXL (Tao et al., 2005). In the RegulonDB
network, we observe thatodEindeed regulatesarL, which regu-
lates other genes. ARADA associates the mediation afodEs

other is not). Further inspection reveals that the regujatterac-
tion molybdate ion transpott two component signal transduction
occurs only twice in the entire network, one of whighpdE!

narL, occurs in the context of (1). Similarly, two component sign
transductionj cytochrome complex assembly occurs 9 times, 8
of which, narL j nrfE,ccmABCDEFH occur in the context of
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(). On the other hand, molybdate ion transgortnitrate assimi-
lation occurs 3 times in the complete network and is obseove
in the context of (2), and only 8 of 15 occurrences of nitratsi-a
milation j
Furthermore, there are 43 genes in the network that areiatswbc
with two component signal transduction, while there are 4<oa
ciated with nitrate assimilation. Consequently, stat#dtianalysis

suggests that a gene involved in two component signal teemsd

tion needs to be regulated by a molybdate ion transport talaiesy
cytochrome complex assembly. On the other hand, nitratméas
tion may regulate cytochrome complex assembly with andawith
the presence of molybdate ion transport gene regulatief.ifehe-
refore, the modularity of the indirect suppression of ciitoene

complex assembly by molybdate ion transport through two-com Ko, M. and Park, C. (2000).

ponent signal transduction is found to be stronger thanttinatigh
nitrate assimilation.

CONCLUDING REMARKS

In this paper, we introduce the notion of statistically $icgnt
regulatory pathways of functional attributes and provideranal
framework for projecting regulatory networks from genec&péo
functional attribute space. We demonstrate the hardnebe oésul-
ting general problem in terms of non-monotonicity of intetable
statistical measures. We propose a statistical model foctior
nal attribute networks that emphasizes the modularity tfivays
by conditioning on its building blocks. We present a compreh

sive software tool, MRADA, based on the proposed models and

methods, and validate results obtained fromEheoli transcription
network.
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