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1. Introduction

The subject of biclugeringis chiefly conaerned with locating submetrices of gene
expression daatha exhibit shared trendsbetween genes. Tha is, from oneattribute to
another, each gene@® expressionin thebicluger shifts approximately the same amount
Thegod isto determine sets of related genes that are affected similarly by different
expeimental procedures. In theterminology of biclugering, genes are called objects and
theindgendent variables of themicroarray andysis are called attributes.

This problem has classically been approached by casting objects and attributes as
vertices of a bipartite graph and assigning weights to edges representing the
corresponding expression level. Based on findingswith this perspective, researchers have
geneadly agreed tha thebiclugering problem is NP-hard.

In thisreport, | will briefly describe a recent approach to biclugering, the -
pCluser method'. Thediscussion indudes my effort to implement thealgorithmanda
modification | designed to solve some problems | experienced with this method.

2. Problem Statement

Let d;j bethematrix element of object i unde attributej. Let O and T beasubset
of objects and attributes respectively. (O, T) forms a é-patern cluger if theabsolute
difference of the differences of theattribute values of two objectsisless than athreshold
o for every par of objects and attributes. More formally:
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Theproblemistofindal &pClugers (O, T) with no less than a minimum number
of objects and attributes.

3. Related Work

Cheng and Church? introduced the bicluster modd based on mean squaed reside
scores with athreshold 6. They aso offer aredudion fromthe bdanced complete
bipartite subgraph problem to finding thelargest square d-bicluger. This demondrates a
specia case of biclugering is NP-hard, butleaves the general question of the complexity
of finding thelargest rectangular 6-bicluger unslved. Cheng and Church also offer a
polynomal-time randomzed greedy algarithmto calculate biclugers.

Yang et a2 expanded on thework of Cheng and Church by introdudng the
conaept of a-occupancy, which allows missing valuesin abicluger upto athreshold.
Theresduescore of amissing valueisthen defined to be zero. They present FLOC, a
polynomial-time move-based randomzed agorithm, to compute biclugers much more
efficiently than the Cheng-Church algorithm. Yang et a. also suggest that biclugeringis
ageneaized case of traditiond subgpace clugering (i.e., the CLIQUE algorithm). The
FLOC agorithmis explored in detail in Yanget a.* and it is shown to locate better
results faster than the Cheng-Church agorithm.



Each of these methodsuse mean squaed residues to evaluate the score of a
bicluger. Wang et a. point outtha, when thisformulais used, it iscommonto find
submetrices of a é-bicluger that are nota é-bicluger. While seemingly contradicting the
basic premise of a bicluger, this propeaty aso inhibits the design of efficient algorithms
for biclugering.

Many other biclugering algorithms have been developed since Cheng and Church
introduced the concept. Maddra and Oliveira® catalogued 19 different algorithms with
approaches such as iterative row and column clugering combinaion, divide and conque,
greedy iterative search, exhaudive enumeration, and distributon paameter identification.
Several biclugering applicationsare also described.

4. Methods

Wang et a. present &-pClugersto solve the problems related to mean squared
resides. Thefirst advantage of the pCluster modd is that any submetrix (OO T of a &
pCluger (O, T) isaso a o-pCluger. This propety isfundanenta to thepCluger
algorithm, which locates 6-pCluders by first identifying two-object and two-attribute
pClugers and inarementally buildslarger sets. ThepCluger algorithmis also
deterministic and will not miss any qudified biclugers, unlike Cheng-Church and FLOC,
which only provide approximationsof thefull bicluser set.

Thekey conagpt behind pCluder is the maximum dimenson set (MDS), which
are maximum length contiguoussubsequences of the sorted values of the difference of
two objects across al attributes bounde by the threshold 6. In thefollowing example, the
rows of D,y are objects x and y and the columns are attributes a throughe. Thevector S

isthedifference of the objects for each attribute, andit issorted in S. Thqset of maximal
dimendgon sets with threshold d = 2 containsevery maximal subvector of S tha spansé.
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MDS (D,,) ={(a,d),(d,c,b)}
Figure 1: Maximum dimengon sets.
The pgoe presents algorithms for building maximum dimenson sets for each

object par and attribute pair, pruning these sets, and building a prefix tree of the object-
par maximum dimengon sets. These algorithms are conagptudly ssimple and easy to



implement. Theresult isarooted tree in which each nodeO unde apah T corresponds
to acandidate bicluger of objects O and attributes T.

Thefind step isto prunenodes of the prefix tree and discover valid biclugersin a
pogorder traversal. Thistechniqueis givenin figure 2.

for each mode n encountered in the post-order traversal do
O := objects in node n;
7T := columns represented by node n;
for each a,b € 7 do
find column-pair MDSs: C =
pairCluster(a,b, O,nr);
remove from O those objects not contained in any
MDS c € C;

Output (O0,7) ;
Add objects in n to nodes which has one less column
| than n;

Figure 2: Prefix tree pruning and bicluger discovery (Wang et d.).

5. Advantages and Disadvantages

ThepCluser methodis demongrably improved over CLIQUE, and Yoonet al.°
describe an enhanced version of pCluger tha performs better than the Cheng-Church
method, but| could notfind any doaumented comparisonsbeween pCluger (enhanced
or otherwise) and FLOC, the enhanced version of Cheng-Church. Since these two
methodsare closly related in theworld of biclugering, | think acomparisonis due

Theform of pClugder given by the pgoer is said to peform poaly onvery large
daasets, e.g., greater than 1000genes. Wang et al.” address this problem by introdudng
anew measurement techniqueand couning tree algorithm, which peforms better than
pCluder onlargedaa sets. It may befeasible to sacrifice a degree of approximation for
faster results and redesign pCluger as arandomnized agorithm, more akin to the Cheng-
Church or FLOC methods

6. Improvements

| origindly implemented the 6-pCluger exactly as given, butl quickly raninto a
reoccuring problem with the prefix tree pruning and bicluger discovery method Consder
the case of anodewith objects (w, X, y, 2) unde the path of column (a, b, ¢). If the
maximum dimengonssets of the column parsareeach {(w, X, y), (X, y, 2}, then the
objects w and z are notremoved from the nodeand the bicluger (w, X, y, 2), (a, b, ) is
discovered. This does not seem correct, however, snce unde no column par was the set
of objects (w, X, y, 2) fully suppoted. A more intuitive bicluger is (x, y), (a, b, ¢), snce
objects x andy are fully suppoted by each maximum dimenson set.

| designad an implemented an alternaive to the prefix tree pruning and discovery
algorithm. Thisis presented in figure 3.



for each node n encountered in the post-order traversal:
O =objects in n

T = columns represented by n

C =1, ,.; pairClusters(a,b)

Foreacha,b" T :

Foreachc" C:

€ = MaX o picrsersian (€ # MDS}
Foreachc" C:

If || $ nr:

|Output (0, T)

Add O to nodes which have one less column than n

Figure 3: Alternaive pruning and discovery method.

This methodrelies on theintuition tha every bicluger embedded at a nodemust
bea subset of some maximum dimenson set of each column-pair of thenode3 path.
First, the candidaes C are collected from the maximum dimenson sets of each column
pars. Then, each candidate c is prunel by replacing it with the maximal intersection of ¢
and the maximum dimengon sets of each column pair. This ensures tha each candidate is
fully suppoted by each column par. Theremaining candidates of sufficient size are the
biclugers unde the node3 columns no verification step is necessary.

7. Evaluation & Conclusion

| implemented theorigind algorithm and modified algorithmin Python usng
smulated data with single embedded biclugers. Test showed repeatedly tha the origind
algorithmincorrectly computed biclugersin themanne described in section 6. Thiswas
determined by evaluaed each discovered bicluger agang thethreshold parameter 6. The
modified algorithm did notreport any false biclugers. Moreover, it aways successfully
located the embedded bicluger. Approximately 2000 experiments with 20x20daa
containing 5x5 biclugers were performed.

In conduson, theprefix tree pruning and bicluger discovery method described in
this paper is adequéde to discove biclugersin candidae sets.
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