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ABSTRACT

Motivation: A number of omic technologies such as transcriptional
profiling, proteomics, literature searches, genetic association, etc.
help in the identification of sets of important genes. A subset of these
genes may act in a coordinated manner, possibly because they are
part of the same biological pathway. Interpreting such gene lists and
relating them to pathways is a challenging task. Databases of biolo-
gical relationships between thousands of mammalian genes can help
in deciphering omics data. The relationships between genes can be
assembled into a biological network with each protein as a node and
each relationship as an edge between two proteins (or nodes). This
network may then be searched for subnetworks consisting largely of
interesting genes from the omics experiment. The subset of genes
in the subnetwork along with the web of relationships between them
helps to decipher the underlying pathways. Finding such subnetworks
that maximally include all proteins from the query set but few others is
the focus for this paper.

Results: We present a heuristic algorithm and a scoring function that
work well both on simulated data and on data from known pathways.
The scoring function is an extension of a previous study for a single
biological experiment. We use a simple set of heuristics that provide
a more efficient solution than the simulated annealing method. We
find that our method works on reasonably complex curated networks
containing ~9000 biological entities (genes and metabolites), and
~30000 biological relationships. We also show that our method can
pick up a pathway signal from a query list including a moderate num-
ber of genes unrelated to the pathway. In addition, we quantify the
sensitivity and specificity of the technique.

Contact: dilip_rajagopalan@gsk.com

1 INTRODUCTION

be in the hundreds, computational tools are essential to assist in the
interpretation of such gene lists.

One approach that has proven successful is based on quantifying
the overlap of such a list of ‘interesting’ genes with a database of
sets of genes associated with various biological processes (Tavazoie
etal., 1999; Draghicét al., 2003; Hosackt al., 2003; Moothat al .,
2003). For example, if the gene list of interest overlaps significantly
with the set of genes involved in glycolysis, one can conclude that
the drug treatment experiment perturbed the glycolytic pathway. One
disadvantage of such approaches is that genes must be placed in
limited number of static groups. For example, even the larger sources
of pathways for signal transduction (such as BioCarta) are limited to
about 300 pathways and phenomena such as cross talk are ignored.

Inthe pathway context, another useful approach isto map the query
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as KEGG, BioCarta, etc. Software such as GenMAPP (Dahlquist
et al., 2002) and several transcriptome analysis packages provide
such capability. A hit is represented by color coding the location
of the gene on the pathway map. If many genes in the query set are
mapped on to a single pathway, say fatty acid metabolism, one would
conclude thatthe drug treatment plays a role in fatty acid metabolism.
Although this approach is visually pleasing, it also suffers from the
somewhat artificial grouping of genes into a limited number of small
pathway maps. Furthermore, this visual approach by itself provides
no guidance on the statistical significance of the result.

We present an alternative approach to the problem that is motiv-
ated by a systems biology perspective. We have assembled a large
network of biological relationships between genes and metabolites
derived from various databases created by manual curation of lit-
erature. These biological relationships span many types of cellular
processes including signaling, transcriptional regulation and meta-
bolism. Given such a network and a query set of interesting genes
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Increased use of high-throughput platform (omic) technologies harom an omics experiment, our goal is to search the network for
led to an important new problem in bioinformatics: biological inter- subnetworks consisting mostly of query genes. The set of genes
pretation of the lists of genes that are the typical output of suchin such subnetworks and the web of literature-based relationships
experiments. For example, transcriptome analysis of cell lines wittbetween them will provide some biological insight into the mechan-
and without drug treatment, results in a set of differentially expresseésm of action. The PubGene suite of tools developed by Jenssen
genes. Itis important to understand whether some of these genes ateal. (2001) also helps to analyze gene expression data using a
functioning in a coordinated manner (a ‘pathway’). Such an interpretiiterature-based network. As we describe below, there are important
ation of this set of genes is useful in understanding the mechanismistinctions between our method and PubGene.

of action of the drug. As the number of genes in such lists can often In our work, we present a graph-based heuristic algorithm with
an associated scoring function to dynamically construct subnet-
works with a high score. Our approach is built on the work of
Idekeret al. (2002) who developed a method to search Y2H-based

*To whom correspondence should be addressed.
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protein interaction networks using a set of differentially expressedhe query set a low, equatvalue. The remaining genes in the network are
genes from a transcriptomics experiment. We believe network-baseassigned a high (insignificang-value for the computation.
approaches will emerge as the preferred way to perform biological Our subnetwork scoring function is similar to the scoring function pro-

interpretation of gene lists derived from omics experiments. posed by Idekeet al. (2002) for a single biological experiment or condition,
but we introduced some important improvements. In addition to scoring

functions for single and multiple conditions, Ideletral. (2002) developed
2 DATA AND METHODS a simulated annealing algorithm to tackle the NP-hard problem of finding
. high-scoring subnetworks. However, our implementation of their simulated
2.1 Dataused to build the network annealing algorithm proved too slow for the large network described earlier,
We have constructed a network of biological relationships between genes ar@hd we introduced a novel, graph-based heuristic algorithm that produces
metabolites using three data sources: high-scoring subnetworks with much shorter execution times. In the rest

(1) The Ingenuity Pathways Knowledge Base (www.ingenuity.com) of this paper, we refer to our implementation of Ideker’s simulated anneal-
9 Y Y 9 ng Y- ing method as algorithrd1, and we refer to our new heuristic method as

includes over one million highly structured scientific findings manu- .

) ) ) algorithmA2.
ally curated from the literature relating genes, cells, diseases, drugs
and other biological entities. These relationships are primarily from ) )
human, mouse and rat. We have extracted a subset of relation.3 Scoring function

ships from this knowledge base and constructed a network consistingye implemented the scoring function for a single experiment proposed by
of ~25000 relationships between7300 human genes. The gene— |geker et al. (2002) along with a simple greedy search algorithm. This
gene relationships in this network include protein binding, protein gigqrithm, which we denotet3, is derived from the simulated annealing
phosphorylation, binding of transcription factors to DNA. method proposed by Ideketral. (2002). In this algorithm, we rank the nodes

(2) The TransFac database (Matgs al., 2003) of transcriptional by z-score and turn on the top 50% of nodes. We group the nodes turned on
regulation (www.gene-regulation.com) contairgl000 relation- into connected components using a breadth-first search. Finally, we check
ships between~200 human transcription factors and 400 genes whether turning on nodes adjacent to connected components improves their
(Version 6.4). scores. This last step is done recursively, and it can result in the merging

(3) The HumanCyc database (May 2003 release) of human metabolistRf separate connected components. For details of some of these steps [see

consists of a set of metabolic reactions and the genes whose productdekeret al. (2002)]. We tested this greedy algorithm3) using a random

catalyze these reactions (humancyc.org). It includes data 1400 input gene set containing no biological pathway signal. As pointed out by
genes and 900 metabolites. Idekeret al. (2002), network nodes in this situation have uniformly distrib-

uted p-values between 0 and 1. For this kind of input, we do not expect the
. We have integrat‘ed these three sources of data on biologicql relationshigﬁethod to find large subnetworks. However, we found that the simple greedy
into a comprehensive network (& The total number of nodes in network  search algorithm (A3) coupled with the above scoring function resulted in
(R1)is~9300, of which 900 are metabolites and the rest are genes. The nefzery |arge subnetworks consisting of up to 1000 nodes. As per the design
work has~30000 edges representing relationships between the genes ang the greedy search algorithm, as the subnetwork grows in size, its score
metabolites. The metabolic reactions We‘re converted to a network by creatingcreases monotonically. Thus, it is a deficiency in the scoring function that
an edge between each enzyme and all its substrates and products. Commg@Responsible for this phenomenon and not any inadequacy in the algorithm
cofactors, such as ATP and molecules like water were excluded prior tQuhich is designed to find subnetworks with the highest score. Our goal was
building the network. Over 95% of the nodes in the integrated network formyy, o, (o understand the root cause of this undesirable behavior and develop

a single, Ia_rge _connected component. The degree (number of neighbors) gf o dified scoring function that resulted in far smaller subnetworks for the
each node in this network ranges from :800. The topology of the network 46 of random input.

can be fit to a scale-free model (Barabasi and Oltvai, 2004) with a power-law £qr 5 subnetwork withi nodes, the scoring function for a single
coefficient of—1.9. The pathway results presented in the paper were all 9€Ngxperiment proposed by Idekeral. (2002, Equation 2) can be rewritten as
erated using networR1. However, for the purpose of testing and developing

our scoring function and algorithm, we also included indirect relationships g— @ e 1)
to build a more connected network2Rcontaining~9500 nodes and 50 000 c M’

edges in which the maximum degree-g50. wheres is the subnetwork score (denotedsasby Idekeret al., 2002),

. is the SD of the distribution of-scores for the entire network ard is a

22 Method to find subnetworks corrected score for each node. Thecores for each node are derived from

We have developed a method to take a set of query genes that arise frothe p-values via the inverse normal distribution function. The corrected node

an omics experiment and extract a subnetwork of genes and relationshigoreC; in turn is given byz; — u, wherez; is thez-score for the node and

between them from an interaction network. This method relies on a scoringe is the mean of the-score distribution for the entire network.

function for subnetworks and an algorithm to find high-scoring subnetworks. Equation (1) is derived from the original scoring function of Ideéteal.

The subnetworks found by this algorithm will predominantly consist of genes(2002) using the approximate valuesiofindo/+/M for the mean and SD

contained in the query set, but they can have some ‘gaps’—genes not coof a random sample of siz& from the entire distribution of nodescores.

tained in the query set. The genes contained in the high-scoring subnetworkhese approximations are fairly accurate as long/ass less than about

along with the relationships between them will provide useful insight into theone-fourth of the total number of nodes in the network.

mechanism of action underlying the omics experiment that gave rise to the The modified form of the scoring function [Equation (1)] immediately

query set of genes. reveals the reason for producing large subnetworks from random inputs.
Our approach builds on the work of Ideletral. (2002), which reliesona  About half the nodes in the network will have a positive value;,0f- p

significance measure grvalue supplied for each gene in the query set. For (assuming the-score distribution is not too skewed). With such a large num-

example, in trying to determine pathways associated with a gene list arisinber of nodes potentially able to contribute positively to a subnetwork score,

from a transcriptomics experiment, thevalues supplied for the geneswould there is a greater likelihood of generating large subnetworks from random

typically be calculated from a statistical test of differential expression betweerinput.

a control and treated group. If significance measures are not available, our Our first modification to the scoring function is to introduce a different

method can be applied to a query set of genes by assigning all genes tfefinition of corrected node score that is designed to produce far fewer nodes
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with positive corrected score. We define the new corrected node §care (2) Group nodes with positive corrected score into connected subnetworks
Ci=z— Bu @ using a breadth-first search from every positive scoring node not yet
I — &0 1

assigned to a subnetwork.
where the empirical parametgrcan be selected appropriately to reduce the 3
number of nodes with positiv€;. We have chosen to use a valuggo$uch
that all nodes withp-value >0.01 have a negative value fa%;, but other
choices could be equally appropriate. . .

In random input tests using network. and algorithmA2, this modific- For each_ subnetwork selectes)( 'create a list of all non-posmye

ation is sufficient to prevent the formation of very large subnetworks. For nod_es adjacentto nodeshn Essentially, c_ollapse t_he subnetyvorkmto
example, in 2000 random input tests using netwBik the largest subnet- a single cluster node W Select the_ neighbors in decreasmg ord_er
work produced has 18 nodes, and the median and mean subnetwork size over of degree. Perform a limited depth f!rst search (DFS) fgr nelghporlng
these tests are 2 and 2.3, respectively. However, tests on the highly connected s_uk_)netvyorks that can be merged into suk_)netV\BrkTms DF_8_ 1S
networkR2 using random input continued to produce large subnetworks with limited in that 't_ only extends over a maximum gfnon-positive
hundreds of genes. We discovered that this behavior was due to promiscuous nodes. If an adjacent subnetwaskis found, merged, B and the

- ; ,
nodes in the network, and the scoring function had to be modified to properly non-positive r/1(_)des between and B into a new subnetworts’. If
account for such nodes. the score ofB’ is greater or equal to the score Bf then accept the

change and restart Step 3. Otherwise, reject the merge, and continue
with other neighbors o¥z. Once the limited DFS frontz has been
exhausted, return to Step 3 and select the next subnetwork. Each time
Step 3 is restarted, nodes previously used to initiate the DFS are not
reconsidered for the DFS.

~

Select a previously unselected subnetwork in decreasing order of
score. If there is no subnetwork remaining with positive score go
to Step 5.

4

=

The basic principle behind this modification is to recognize that for any
node in the network, the likelihood of finding a neighbor with a good (low)
p-value increases with the degree of the node. Considering a node with degree
K in a network withN nodes, one would expect to find a neighboring node
with roughly theN / K -th lowestp-value just by chance. A node adjacent to

a promiscuous node should be included in a subnetwork only;ifitalue is (5) The goal of the final pruning step is to try and remove nodes with
lower than what is expected by chance. As each node is typically surrounded small positive individual scores that might have been included in sub-
by neighbors of varying degree, the hurdle on including a node depends networks in Step 2. The pruning step is performed for each subnetwork
on the path taken to include that node. In order to avoid creating a scoring remaining after Step 4. The nodes in a subnetwork are considered in
function that depends on the order inwhich nodes are added to the subnetwork, increasing order of score. If deleting a node would increase the score
the above principle is implemented in the following approximate way. An of the new subnetwork consisting of the rest of the nodes, and still

additional correction factor, which we term as the edge penalty, is calculated keep the subnetwork connected, the node is deleted.
a priori for each nodé/; in the network. We consider all nod&g that are
neighbors ofV;. Given the degre®; of each of these nodes, we compute
the average and extract théN / D)-th lowestp-value from the list ofV p-
values for all the nodes in the network. Thissalue is converted to ascore
zEP using the inverse normal distribution function. The new definition of the
corrected node score now becomes

Execution time for this algorithm is dominated by Step 4, and the execution
time for this step is largely a function af. Both the size of the resulting
subnetwork and the execution time of the algorithm increase sitive
used a valuel = 2 for the results shown in this work, and we obtained run
times on the order of 2 min on a Compaq Alpha (XP1000) workstation. In
contrast, our implementation of the simulated annealing algorithm ran for
Ci =z — max(Bu, zEP). 3) several hours on the large networks described earlier. An important benefit of
aﬁt execution times is that it is possible to perform multiple permutation runs
Dfassess the statistical significance of the subnetwork scores we obtain. We
do this by randomly scrambling the association between nodeg-aatlies
and repeating the search for high-scoring subnetworks. Subnetworks found

fi

These corrected node scores can be calculated up front and the subnetwq
score for a groups of nodes is then given by Equation (1).

A final step is to calculate a normalized scoréor a subnetwork of\f
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nodes as using the originajp-value assignment must have a high-score relative to the
s =100 s ' @) scores from the permutation runs.
Smax The presence of hub nodes characteristic of scale-free networks is

whereSmaxis the maximum possible value 8fjiven the input set gb-values. addressed by incorporating the edge penalty in our scoring function. How-
Itis calculated by ignoring network connectivity, starting with the node with ever, our method does rely on a network of high-quality interactions and the
lowest p-value, and adding nodes with sequentially higpevalues (irre-  presence of many spurious connections between genes or the absence of key
spective of whether they are connected together in the network) until th€onnections between genes, will adversely impact the quality of results.
S-value for this group of nodes no longer increases. This normalization step Our method differs substantially from the approach of Jenesa#n(2001)
produces a scoreguaranteed to lie between 0 and 100. implemented in PubGene. The main difference is, our approach tries to max-
Using this form of the scoring function, the largest subnetwork produced inmize a scoring function in the process of building subnetworks. In contrast,
over 2000 runs on networR2 with random input and the algorithm described PubGene constructs a set of subnetworks guided by user inputs and graph
below contains 69 nodes, and the median and mean subnetwork size over thggeperties, and the scoring is done as a post-processing step to generate a
tests are 2 and 7.8, respectively. ranked list of subnetworks.
Idekeret al. (2002) also proposed a scoring function for multiple biolo-
gical experiments that is used to discover subnetworks active in many o2.5 Simulated pathway data for validation

all of these experiments. The improvements we have made to the singlcg,ve validated our approach using simulated and known pathway data. We

experiment scoring function cannot be directly applied to the scoring of¢yeateq 100 artificial ‘pathways’ to serve as a known answer by traversing
multiple experiments.

the network of relationships. Each of these pathways comprised 57 genes

24 Heuristic algorithm of which 40 were randomly selected as input to our method. Each pathway

was used to query the tool in turn, by setting these 40 nodes to have low

p-values uniformly distributed between 0 apglax, Wherepmax was set to a

(1) Map the query genes and associatedalues to the corresponding low number like 102 or lower. The rest of the nodes hadvalues uniformly
nodes in the network. Assign all remaining nodes in the network adistributed betweeld0, 1). This assignment gf-values simulates the case
p-value of 1. Calculate corrected node score for every node in theof a real omics experiment where the list of important genes may contain a
network. pathway signal along with some genes unrelated to any pathway. We explored

The steps in our heuristic algorithm are:
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100 T

different proportions of pathway related and unrelated genes in the query gene
list by varying pmax-

Huniferm
2
2.6 Known pathway data for validation ’ 18,
We used 267 pathways related primarily to signaling from BioCarta
(www.biocarta.com) as additional tests of our method. We selected a sub-
set of 219 pathways from the complete set for which we were able to assign
identifiers automatically to at least six genes. The genes on each of these path-
ways were randomly assigned a Igavalue uniformly distributed between
(0, pmax), Where pmax is a low number such as 18. The remaining nodes
in the network were assignegpavalue uniformly distributed betwee®, 1).
It is important to note that we have not systematically extracted the relation-
ships represented in the BioCarta maps and included them in our database
of biological relationships. Hence, the tests we describe using the BioCarta
pathways partly address the question of whether our database of relation-
ships contains the information in these pathways. However, more importantly,
these tests shed light on whether our method is able to pick out a pathway 0
signal in a gene list containing varying numbers of genes unrelated to any
pathway.

50 F
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D

T

O (I
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50 100
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3 RESULTS AND DISCUSSION Fig. 1. The score (0-100) of the discovered subnetwork is plotted against its
We assessed the performance of our algorithm by examining how th&@ze measured in number of nodes. The legends showriheused for the
best subnetwork found compares to what we expect (the artificial anBathway nodes. The boxes labeled uniform represent the background case
BioCarta pathways). Our experiments also provide guidance astot here all the nodes hag-values drawn from the uniform distribution on

s . . . . ,1]. All the input gene lists were of size 40.
sensitivity and specificity of the technique. The quality of the omics
data has to be reasonable for the tool to infer the correct pathway,
i.e. the omic technology has to significantly highlight genes on the

pathway. | O .01
Ouir first set of tests were for the case of random input with uni- A 1073
formly distributed (between O and })values for the nodes. The ]

100 T T T T T T

L . 80ro 107 T
boxes labeled uniform in Figure 1 show a scatter plot of the size of
the resulting network versus their score. In this set of 100 test cases,
the score of the best subnetwork never exceeded 51.9 and the 95th P
percentile of the score distribution is 41.6. 80 | 4

We evaluated 100 artificially generated pathways of size 57 (as
described in the Data and methods section), randomly selecting 40
nodes in each case to assign a uniformly distribptedlue between
0 andpmax. We explored three different values fpgax: 1074, 1073 40 - ]
and 10°2. The top subnetwork for each of the 100 artificial pathways
for pmax = 1074 is represented by a cross in Figure 1. The subnet-
work scores were between 70 and 100 and the size was between 34
and 50. These scores were clearly separated from the background 20 " L " L " L
distribution (squares in the figure). Similar (but declining) separa- <0 40 60 80 100
tion was obtained fopmax = 1072 and 102, At pmax = 1072,
there was some intermixing of the distributions, nevertheless, using
a score threshold of 41.6, 80% of the tests yielded a subnetwork

with a significant score. Given the10 000 nodes in the network Fig. 2. The specificity of the technique versus sensitivity for 219 BioCarta
~10 nodes from the background uniform distribution havealues " pathways. The pathways were binned according to the number of identifiable

~10-3, and~100 havep-values<1(TZ. Thus, when the simulated proteins in the pathway. Each symbol representgthg value used to assign

. ; 3 p-values to the genes in a set of BioCarta pathways. The successive points
pathway nodes are assignpe/alues withpmax = 107, ~10 unre- connected by lines represent different BioCarta pathway size ranges. The

lated nodes havg-values in the same range as the simulated pathwayiye size ranges used were 6-10, 11-15, 16-20, 21-25 apdi26 number
nodes. Apmax = 1072, the number of unrelated nodes wjthvalues  of pathways in each bin ranged from 25 to 61. The vertical and horizontal
in the same range as simulated pathway nodes increases0. dashes represent the 95% confidence interval on the specificity and sensitivity
In summary, pathways of size 40 can be distinguished with vary-estimates. The highest point for egehax is the largest pathway bin.

ing difficulty dependent upon the number of unrelated genes in the

query set.

While the algorithm successfully extracts a subnetwork with alow-and extra nodes (found by the algorithm but not in query list). For
probability of a false positive, we still need to show that this network pmax = 1074, very few nodes are missing for any pathway, but up
is similar enough to the test pathway. This can be established vito 10 extra nodes are found. Even for pathways seededpyith=
the number of missing nodes (in query list but not in subnetwork)10-3, the top network found fits quite well with the initial gene list.

Specificity

Sensitivity
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Fig. 3. BioCarta TNF/stress related signaling pathway rediscovered ysiag = 10~*. None of the pathway genes was missed and no extra nodes were
added to the subnetwork found.

For p = 1072, the top network rarely misses20 of the 40 nodes it can be recovered from the network even if the exact pathway is not
in the gene list and it includes up t620 additional nodes. In such previously known. This augurs well for recovering novel pathways
cases, it may not be trivial to extract the original pathway from thethat are not published previously. The specificity is alst% for

top subnetwork. Hopefully, the biology may still be inferred from pathways seeded g4,ax = 1073, Even with the very large num-
the subnetwork. ber of unrelated nodes fgrmax = 1072, sensitivity and specificity

The previous test cases demonstrated that the scoring function atde, ~60% for the larger pathways, dropping te10% specificity
heuristic algorithm are successful in extracting the relevant pathand 30% sensitivity only for the smallest pathways. Specificity and
way when the query gene list contains genes mostly related to sensitivity both decline with decreasing pathway size. For smaller
coordinated process (pathway) with moderate numbers of unrelatguhthway sizes there is more variation in sensitivity (i.e. larger 95%
genes. confidence intervals).

To overcome any limitations in our testing based on artificially We also used the BioCarta inputs withax = 10~ to test the
generated pathways, we also tested the tool using BioCarta pathwayiginal scoring function for a single experiment proposed by Ideker
input as described above. These pathways ranged in size from 6 & al. (2002). Using our algorithm (A2) as well as the simple greedy
70 proteins. Figure 2 displays the quality of the retrieved subnetworlalgorithm (A3), we obtained subnetworks containing000 nodes.
using the BioCarta-based gene lists as input. We used measures Tifiese subnetworks typically contained all the BioCarta nodes (100%
Sensitivity (related to false negatives) and Specificity (related to falssensitivity), but the specificity is-0. As the algorithm grew the
positives). Sensitivity is defined as the percentage of the input that isubnetworks to this size, the score increases monotonically demon-
correctly identified in the resulting subnetwork. Specificity is definedstrating the fundamental problem with their scoring function. We
as the percentage of the subnetwork predicted that is correct (i.e. wéglieve our improvements to the scoring function are necessary to
contained in the input). obtain meaningful results on large networks.

Figure 2 shows the dependence of sensitivity and specificity ontwo The focus of our testing has been to determine whether our method
important parameters: the number of unrelated genes in the quegan pick outa single set of interrelated genes from a query set contain-
set with low p-values (related tpmay), and the size of the BioCarta ing varying numbers of unrelated genes. In these tests, the method
pathway. Data for differenpmax values are plotted with different usually returned a single high-scoring subnetwork. Pathway sets such
symbols and each point on the curve is not a different threshold as ias BioCarta typically have a lot of overlap between them. A test with
areceiver operating characteristic (ROC), but represents the averagejuery set containing two BioCarta pathways would return a single
size of the pathway. From the three curves, it is apparent that theubnetwork if even a single gene was common to the two pathways.
seeding of the pathways at highgfax decreases both the sensitivity On the other hand, a query set that contains two completely separate
and specificity of the technique. This is expected as at highex sets of interrelated genes would produce two distinct subnetworks.
the pathway signal is confounded by a substantial number of gene& detailed evaluation of inputs of this type is beyond the scope of
unrelated to the pathway. For example, at.ax of 102, there are  the present work.
~100 random, unrelated nodes withvalues in the same range as  Figure 3 shows an example pathway recovered when the genes
the BioCarta nodes. For pathways seeded at bd better, the sens-  in the TNF/Stress related signaling pathway from BioCarta are used
itivity is over 70%, regardless of pathway size. This indicates that ifas input withpmax = 10~%. The layout is generated using the dot
the omics data clearly delineates most of the genes on the pathwayrogram within the Graphviz suite AT&T Labs (www.graphviz.org).
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The input gene list contained 22 genes and the best subnetwork fourmdir confidence in a particular relationship. Interpreting these net-
contained all these genes and no extra nodes were added relativeworks biologically in light of what would be called pathways is
the input set. Thus, both sensitivity and specificity are a 100% foranother challenging problem. Can they be laid out such that they are

this example. more recognizable as biological pathways? Regardless, we believe

that network-based approaches will emerge as a preferred way to
4 CONCLUSIONS perform biological interpretation of gene lists derived from omics

A number of platform technologies including transcriptional pro- experiments.

filing, proteomics, literature searches, genetic association, and

high-throughput screening produce sets of genes or proteins thACKNOWLEDGEMENTS
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