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Opening Remarks

Bioinformatics is the scienceof managing, mining, and in-
terpreting information from biological sequencesand struc-
tures. Genome sequencingprojects have contributed to an

exponertial growth in complete and partial sequencedatabases.
The structural genomicsinitiativ eaimsto catalog the structure-

function information for proteins. Advancesin technology
such as microarrays have launched the subeld of genomics
and proteomics to study the genes,proteins, and the regu-
latory geneexpressioncircuitry inside the cell. What char-
acterizesthe state of the "eld is the °0od of data that exists
today or that is anticipated in the future; data that needs
to be mined to help unlock the secretsof the cell.

While tremendous progress has been made over the years,
many of the fundamental problems in bioinformatics, such
asprotein structure prediction or gene nding, are still open.
Data mining will play a fundamental role in understanding
gene expression, drug design and other emerging problems
in genomicsand proteomics. Furthermore, text mining will
be fundamental in extracting knowledge from the growing
literature in bioinformatics.

The goal of this workshop is to encourageKDD researders
to take on the numerous challengesthat Bioinformatics of-
fers. The workshop features an invited talks from noted
expert in the "eld, and the latest data mining researd in
bioinformatics. We encouraged papers that propose novel
data mining techniques for tasks such as:

2 Gene expressionanalysis

Protein/RNA structure prediction

Phylogenetics

Sequenceand structural motifs

Genomics and Proteomics

Gene nding

Drug design

RNAIi and microRNA Analysis

Text mining in bioinformatics

Modeling of biochemical pathways

NN N NN DNDNDNDN

moris@Kk.u-tokyo.ac.jp

Yorktown Heights, NY 10598
rigoutso@us.ibm.com

These proceedingscontain 10 papers (6 long and 4 short),
out of 26 submissionsthat were acceptedfor presertation at
the workshop. Each paper was reviewed by three members
of the program committee. Along with a keynote talk, we
were able to assenble a very exciting program.

We would like to thank all the authors, invited speaker, and
attendees for contributing to the successof the workshop.
Special thanks are due to the program committee for help
in reviewing the submissions.

This workshop follows the previous three highly successful
workshops: BIOKDDO03, held in Washington, DC; BIOKDDO02,
held in Edmonton, Canada; and BIOKDDO1 held in San
Francisco, CA. We expect BIOKDDO04 to be equally suc-
cessful.
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A New Approach to Protein Structure Mining and
Alignment

Hongyuan Li, Keith Marsolo, Srinivasan Parthasarathy and Dmitrii Polshakov
The Ohio State University
Columbus, Ohio, USA

ABSTRACT Keywords

1. INTRODUCTION:

General Terms




2. RELATED WORK AND BACKGROUND
2.1 SequenceAlignment

2.3 Substructure Analysis

2.4 MotifMiner Toolkit

2.2 Structure Alignment



3. ALGORITHMS

3.1 Background

3.2 BasicExtensions

3.2.1 Variable Resolution
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3.3 Domain Constraints

3.2.2 BoundaryConditions

3.3.1 AbstractionUsing -carbons

3.2.3 Local Structue Linkage

3.3.2 Sequence-basdrtuningof Motifs




3.3.3 ApproximateMatching of Amino-AcidsBased

on Physio-ChemicaProperties

3.4 Global Alignment

AlignmentPreprocessing
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4. VALID ATION

4.1 Alignment of FHA Domains
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A Novel Approach for Prediction of Protein Subcellular
Localization from Sequence Using Fourier Analysis and
Suppor t Vector Machines
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2. METHOD

2.2 FeatureExtraction basedonthe Tri-peptide
Frequency

2.1 Feature Extraction basedon the Fourier
Transform



2.3 Support Vector Machine

3. RESULTS AND DISCUSSION

3.1 Dataset

3.2 Experiment and Results



4. CONCLUSIONS




5. ACKNOWLEDGMENTS

6. REFERENCES



Hydrophobicity Periodogram

1 T 0. T T T T T T T T
08 4
06 B 02| B
04 4
02 H L B 015} B
0 4
02 —‘ 1 01f e
04 4
0.6 B 005 4
08 4
a . L I . | I . i .
0 50 100 150 200 250 o 200 400 600 800 1000 1200 1400 1600 1800 2000
AA cycles/AA
Hydrophobicity Periodogram
1 T T 0. T T T T T T T T T
08 4
06 B 02| B
04 4
02 B 015} B
4 4
02 { 1 01f B
04 4
06 B 005 B
08 4
I . L L . h . . 1 .
50 100 150 200 250 0 200 400 600 800 1000 1200 1400 1600 1800 2000

AA cycles/AA



Hydrophobicity

100

150
AA
Hydrophobicity

300

)

200

v

h

w

l

100 150
AR

ﬂ

Hydrophobicity

Hydrophobicity

500

AR

300

600

200

250

700

900

Periodogram

0

200

400

600

800

1000
cycles/AA

Periodogram

1200

1400

1600

1800

2000

200

600

800

1000
cycles/AA

Periodogram

1200

1400

1600

1800

2000

200

400

600

800

1000
cycles/AA

Periodogram

1200

1400

1600

1800

2000

200

400

Akt

800

1000
cycles/AA

1200

AN

1400

1600

|

1800

2000



High-throughput Protein Interactome Data: Minable or Not

Jake Y. Chen

Indiana University School of Informatics
Purdue School of Science Department of
Computer and Information Science
Indianapolis, IN 46202

jakechen@iupui.edu

ABSTRACT

There is an emerging trend in post-genome biology to study the
colledion d thousands of protein interadion pairs (protein
interadcome) derived from high-throughput experiments.
However, high-throughput protein interadome data, espedally
when derived from the Yeast 2-Hybrid (Y 2H) method, have been
generally believed to be irreprodwcible and urreliable, with an
estimated high “noise ratio” of more than 50%. In this work, we
performed a @mprehensive study on approximately 70,000
protein interadions derived from a systematic yeast 2-hybrid
(SY2H) method We performed a cmprehensive analysis of
biases, reproducibility, statistical significance, and hiologicdly
significant patterns in this data set. Surprisingly, we found these
protein interadions have a much higher quality. The data
represented a amprehensive survey of the entire human proteome
with no chromosomal locaion Has. The reproducibility rate of
interadions among replicated seaches was quite good i.e, a
785%. The false postive rate, 5.5e-5, was two orders of
magnitude better than that reported elsewhere. We further
developed several satisticd measures and concluded that a
protein interadion ony neeals to appea in two dfferent SY2H
seaches to beaome significant. We dso developed techniques to
show supporting evidence that “promiscuous’ protein interadions
were not random noises; instead, they could be “network hubs’ of
the cél signaling network. We dso attributed the low noisein our
data to the aoption d standard control in the experimental data
generation process

Keywords

Protein Interadion, Systematic Yeast 2-Hybrid, Reproducibility,
Significance, Data Mining.

1INTRODUCTION

In post-genome systems biology, the study of protein
interactomes—comprehensive colledions of al the expressed
proteins and their interadions within cdls of model organisms,
has gained increasing popularity. Several protein interadome
mapping projeds, including thase of H. pylori [1], S cerevisiae
[2, 3], D. melanogaster [4], H. sapiens [5], and C. elegars [6],
have reported significant progress in recent yeas. In these
projeds, novel high-throughput experimental tedhniques, eg.,
high-throughput yeast 2-hybrid (Y2H) screenings [7], protein
arrays, and mass pedrometry, have been developed to measure
physicd bindings between proteins in paralel. This results in a
steady influx of protein interadion data in the public domain. By
understanding how proteins regulate each ather through
interadion, biologists can compile novel moleaular pathway
models, which they canna normally derive from genomics
techniques. The lledion d thousands of protein interadions
also enable system biologists to uncerstand protein functions in a
moleaular network context, through which they may identify
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protein bhiomarkers or drug targets for diagnosing and treding
human genetic diseases [8].

Nonetheless there is a prevalent belief among many reseachers
that experimental protein-protein data generated from the high-
throughput Y2H method equate to “high errors’ and “poor
reproducibility”. Much doubt abou Y2H data might have
originated from a mmparative analysis by Mrowka et al [9], who
suggested that high-throughput Y2H experiments may have a
false positive rate of greder than 50%. In asimilar study, Bader et
al analyzed high-throughput protein interadion data obtained
from several sources and also concluded that these methods do not
show enough internal consistency to warrant complete accetance
of the result [10]. Even more grim opinions exist [11]. Whether
percaved or red, the high data “noise” has presented immense
challenges for computational scientists to “mine” for biologicaly
significant protein interadions and for biologists to trust data
mining results from these efforts. Therefore, an imminent question
for any reseacher who will study the protein interacome data
bemomes,

(1) Can | trust the high-throughput protein interadome data
atal?

(2) If so, how do| mine for significant protein interadions?

In this work, we restore @nfidence in high-throughput protein
interadome data and the mining efforts, by investigating the
biases, reproducibility, statistical significance, and functionally
significant patterns of a human protein interadome data set. This
data set consists of approximately 7,500 human proteins and
70,000 protein interadions, which was generated from a high-
throughput Systematic Yeast 2-Hybrid Method (SY2H, refer to
the Method sedion) [5]. Some of us have been curating and
applying this datato biologicd discoveries for two years. We will
show that by using a systematic method (SY2H), in which
experimental condtions are enforced by standard protocols and
the same robas, one can achieve reasonably good data
reproducibility, keegp false positive rate low, design reliable
statisticd  hypothesis tests, discover datisticdly significant
“interadion retwork hub poteins’, and identify biologicdly
significant interading protein goups. We dso show that
“promiscuows’ protein interadions sould perhaps be regarded as
“network hubs’ instead of random noises—ancther explanation
for the discrepancy between our analysis and the widely-held
beliefs elsewhere. Our results may restore the cnfidence in
similar high-throughput protein interadome data sets, and
promote their applicaion in subsequent moleaular function
studies. In Table 1, we have summarized some key features of the
SY2H method by comparing it with the standard Y2H method
For adetail ed description of this method refer to the next sedion.
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Table 1. A summary of comparisons between two Yeast 2-
Hybrid (Y2H) methods. Refer to the Method sedion for an
explanation d %aits?, Jpreys®, dseaches®, and #positi vesP.

Standard Y2H Systematic Y2H
Bait Known Prior to
aSeach Yes No
Bait Segquence Whole or partial Short sequence
Enlisted in aSeach sequences fragments
Bait/Interadion Yes No
Seledion Bias (by design) (randam sampling)
Possible Replicated
Preysin a Seach Yes Yes
Posdble Replicated
Same-bait Searches No Yes
Sequences to be .
| dentified from Prey only Bait and Prey
Positives
Global Assessment of
Interadions No Possble

2METHODS

Systematic Yeast 2-Hybrid (SY2H). First, two Y2H cDNA
libraries from cDNA library samples from an organism are
prepared using random internal primers. The hybrid proteins,
which are derived by fusing a sample dNA fragment with the
yeast transcription fador DNA-binding domain or with the yeast
transcription fador adivation damain, are called 2bait® and
aprey, respedively. Semnd, haploid yeast bait and ey cDNA
libraries are isolated into individual colonies, ead containing a
single bait or prey. Third, two types of haploid yeast cultures are
mixed, one ntaining single bait colonies and the other
containing colonies of the entire prey library, to alow mating to
happen. Each such an experiment is cdled a 2search® Fourth,
mated dploid yeast cultures are placal on dishes that contain
seledive medium, which allows the mated yeast to grow only if
bait and prey interact. Each grown diploid yeast colony iscdled a
apaositive olony®, or a 2positive’. Fifth, up to a cetain number of
positive @lonies is sleded for picking (®picked pasitives?).
Positives that are not picked are discarded. Sixth, DNA sequences
from picked pasitives are anplified by PCR and DNA sequencing
from both the 5 and 3 diredions is performed. Seventh and
lastly, interading protein fragments are identified by comparing
bait and prey DNA sequence fragments with annotated mRNA
sequences from puldic sequence databases using the BLASTN
software program.

Protein Interactome Data Colledions. We mlleded the human
protein interadome data from a high-throughput interadome
mapping projed using the @ove described SY2H system [5].
There were two major data clledion milestones for this projed in
2002-3. In the first maor milestone, 13,656 unique protein
interadion peirs were mlleded from approximately 50,000 SY 2H
seaches against a prey cDNA library from mMRNASs in
homogenized human brain. This data set represented proteins
from approximately 4,473 human gene loci, or approximately
5,000 unique proteins. In the second and a recent milestone in
September 2003, approximately 70,000 urique protein interadion
pairs were mlleded from more than 200,000 searches against a
variety of human cDNA libraries. This interadion dbta set
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represented approximately 7,500 urique human proteins. We took
a series of data snapshots between the mil estones to perform our
data anaysis. The fact that we used dightly different data
snapshots for ead analysis is not a @ncern, since dl these
snapshots represented nealy randam 2samples® of the same
protein interadomeb a unique taraderistic of the SY2H method
(refer to Results).

Bioinformatics Data Analysis. We performed large-scde
bioinformatics data analysis tasks to prepare and manage dl the
protein interadion data using Orade9i server and genomic data
modeling methods described in [12]. We integrated hundreds of
gigabytes of biologicd data from more than 20 different sources.
In particular, we integrated al the protein interadion pairs with
public REFSEQ, LocusLink, and Gene Ontology annatations [13,
14]. In ou data analysis, we used a mmbination of software toals,
including the R statistica padkage and the Sportfire DedsionSite
Browser for statisticd data analysis and data visualizaions. For
this work, we developed severa protein interadion data analysis
methods, which we would describe dong with the discusson o
results next.

3.RESULTS

3.1Comprehensive Protein Coverage and Bias
Due to the unique daraderistics of the SY2H method and a
homogenized human brain tissue library source we eped to
observe a wide spedrum of expressed proteins (a random sample
of the entire #proteome?d and interadions between them in the
data. In principle, the data should represent a mmprehensive
survey of the entire human proteome with littl e sampling bias. In
Figure 1, we onfirmed this expedation by showing a relative
frequency distribution for a snapshat of 5,619 proteins, binned by
their chromosomal locations. Whil e the relative distribution o all
human REFSEQ proteins varies among different chromosomal
and mitochondia locations, the interading proteins follow the
varying distribution details quite well. Therefore, we can draw
two inferences from this analysis. One is that the SY2H method
indeed does a good job o randomly sampling the entire human
proteome with no bas in coverage. The other is that al human
proteins from diff erent chromosomes and mitochondion (perhaps
except for chromosomes 6, 12, X, and Y) sean to share the same
tendency to interad with ead other.

i

BO

Figure 1. A comparison of the relative frequency distributions
between all human REFSEQ sequences and all interacting
proteins from the SY2H system, binned by their chromosomal
and organellelocations.
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Does a comprehensive @verage or a randam sampling of the
proteome suggest that there should be no bias in whichever
proteins may become recruited in interadions? Not at al. If so,
proteins of al 3-dimensiona shapes would have interaded with
eadh oher equally. In Table 2, we showed an example of
observed hiases based on potein functional categories. Here, we
listed eight protein functional categories. In eat caegory, we
listed a count of all human proteins from the LocusLink database,
a court of interading proteins identified with the SY2H method,
and a percentage of coverage of identified protein for the
caegory. In the last row of the table, we dso showed severa
sums. This data shows that there were 18% of all 33,673 human
proteinsb a snapshot of 6,213 proteins derived from the SY2H
system. However, 3protein phosphatases® and 3protein kinases®
(CLASS | proteins) are highly enriched, a 29% and 26%
respedively; deceptor® and #receptor : GPCR® proteins (CLASS
Il proteins), however, are scarce, at 6% and 5% respedively. We
attribute this finding to a posshle high functional bias towards
proteins playing essential functional roles. For example, compared
with other proteins, caalytic activities of enzymes (CLASS |
proteins) are more frequently modulated by regulatory proteins
through protein interadions;, therefore, we observed an
enrichment of CLASS | proteins. CLASS Il proteins are poorly
represented perhaps for a different reason--Y2H methods usually
canna cgpture protein interadions among membrane proteins
(most CLASSII proteins).

Table 2. A breakdown of protein counts according to their
functional categories.

All Human Interacting  Percentage
Proteins Proteins of
from Identified Coverage
LocusLink by SY2H
Protein 240 70 2%
phosphatase
Protein kinase 400 102 26%
Polymerase 161 39 24%
Transcription 372 77 21%
factor
Channel protein 339 65 19%
Protease 233 33 14%
Receptor 3,294 203 6%
Receptor: 705 38 5%
GPCR
Total 33673 6,213 18%

3.2Data Reproducibility

We as®ssd the reproducibility of interadion dbta derived from
the SY2H system, and found it to be surprisingly good For
reproducibility, we refer to the caability of a high-throughput
interadion discovery system to identify true interadions
consistently. In Figure 2, we show that interadion reproducibilit y,
cdculated as the percentage of al interadions that can be
replicaed aaoss different SY2H seaches, is 78.5%. Comparing
the our SY2H system with a standard Y2H system, we think it is
possble that the reproducibility rate estimated in previous
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publicaions (from 10% to 50%) [11] were based colledions of
high-throughput data generated from different academic labs
withou the setup of robotic machineries for consistent controls.
Thereis aso alack of report on replicated protein interadion pair
data from pubic sources.

20 r
15 7 r

10 r

oA mmm === L
T T T
10 20 30

Percent of Total

T T
40 50

replicates

Figure 1. A relative frequency distribution of protein
interaction “replicates’. A éeplicae®bin at x=1 indicaes the
percentage of interadions (21.5%) that are identified orly once
All other &eplicate®bins with x > 1 refer to the percentage of true
replicaed interaction (1-21.5%=78.5%) with an interadion
replicaion count of x. The protein interacion data in this graph
come from arandom sample of 513 keit proteins, ead of which is
identified in at least two separate SY 2H seaches.

This 785% may dtill be an undr-estimate of the true data
reproducibly level for an SY2H system. This is becaise
identifying protein interadions from seaches is also a sampling
process in which the robas often pick a dozen top ®positive
colonies® for DNA amplificaion and sequenci ng. Therefore, one
may not have ehaustively identified al replicaed protein
interadions from repli cate searches. In ather words, we exped the
relative percentage for the Feplicaes’=1 bin becmes smaller
than the 21.5% when the size of data increases.

3.3 Statistical Significanceof Interactions

To identify statisticdly significant protein interadors (as preys)
and potein interadion pairs (as bait-prey pairs), we describe a
statisticd data testing framework. First, we present a null
hypothesis, in which we presume that the interadions happen
randamly among all interadors. Therefore, the rate of interadion
discovery, p, can be estimated by the foll owing:

I
N*M
Here, | is the total number of observed urique interadion pairs, N
is the total number of seaches performed, and M is the tota
number of observed urique preys. To cdculate p, for example,
using a data snapshot taken from the first milestone (refer to
Methods), we have | = 13660, N = 50,000, M = 5,000, and
therefore p = 13,660/50,000/5,000 = 5.5e-5. Similarly, using

recent data snapshot taken from the seacond mil estone, we have |
70,000, N = 200,0000 M = 7,000, and therefore p

P= @

[}
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70,000/200,000/7,000 = 5.0e-5. The two estimates are very close
to eath cther.

We interpret p as an upper-bound estimate of the false positive
rate for protein interadions observed in an SY2H system. There
are two reasons for us to believe that p may be mnservatively
estimated. First, many of these observed | interadions may not be
discovered totally by chance (recall functional bias); therefore, p
shoud be smaller. We dhocse to trea interadions as andam®
events, aso becaise we do nd have sufficient negative® @ntrol

interadion cata set, i.e., a set of known noninterading protein
pairs. Second, the estimated prey number, M, may be higher than
we airrently used, becaise a high-throughput SY2H system
sometimes may fail to amplify and identify a DNA sequence The
conservative estimate of ap at 5.5e-5 is good, becaise we can be
confident later that the cdculation of p-values, which we base on
p, will be reliable indicaors of datisticd significances for
replicaed interadions.

Note, however, much higher false positive rates have been
estimated for several standard high-throughput Y 2H systems. For
example, Gavin et al [15] reported a p=1.07e-3 in their recent
study, and Ho et a aso reported a p=1.37e-3 [16]. We dtribute
the much smaller false positive rate for the SY2H system to the
high data reproducibility described in an ealier sedion.

Next, we describe two hypothesis test methods. In bah methodks,
we cdculate the p-values, one for observing multiple preys
interading with the same bait, and the other for observing the
same bait-prey interadions multiple times, given that the null
hypothesis is true, i.e. interadions to happen randomly. Our
methods are different from a Bayesian method recently developed
by Gilchrist et al [17], in which only the bait-prey protein
interadion hypothesis was discussd. Instead, our hypothesis test
methods belong to a ¥requentist methocP, which have the
advantage of not requiring a prior protein interadion distribution
for an dternative hypothesis.

In the first test method we ae mncerned with whether a
particular bait tends to interad with many different preys. We
want to distinguish whether a bait protein dndiscriminately®
choaoses an interaction partner by chanceor by an uncharaderized
stetisticdly significant process In this model, we use r (r 3 1)to

indicae the number of times that a seach is replicated, i.e., the
number of times the same bait has been observed in dfferent
seaches. We use | to indicae the number of preys from al the
replicaed seaches daring the same bait. We use p and M
acording to the previously described definition. Under the null
hypothesis, we assume that every prey-bat interadion is an
independent Bernoulli trial with a success rate of p. There
arer ~ M tridls among r replicaed seaches. Therefore, the
probability to oltain | or more preys by chance among r searches
(p-value) can be cdculated through a binomial distribution,
i =PiLe D=1 & & "pa-p @
i=0,1,...J-1 (%)

Where pvalueye is the individual-wise type | error for a bait.
However, as atotal of N searches were performed, and each bait is
asumed to haver replicated seaches, the family-wise type | error
can be controlled in (3) (Westfall),

pvaluge =Pr(L 3 I)=1- {1- [)Va|U(:1‘\/\/TE}’\”r ©)
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In Table 3, we tabulated the p-values under all the scenarios,
ranging in 1=1 to 10 and r=1 to 4, where N=200,000, M=7,000,
and p=5.0e-5. Each cdl in the table mntains a Family-wise® p-
value, which measures the significance level for discovering |
preys in r replicaed seaches. For example, when ony six
interadions or lessare discovered in a non-replicaed search (r=1
and 1=6), this observation is not significant since p-value=0.314.
However, when | increases from 6 to 7, 8, and r=1,
the p-vaue deaeases to 186e-02, 8.15e-04, and -05
respedively, suggesting the data being increasingly significant.
Thistable dso confirmsthat for afixed | number of preys, the less
seach replications r it takes to observe dl of them, the more
significant the observation becomes.

Table 2. A list of P-value that measures the significance of
observing | number of preys in r different searches. The
scenarios that are significant at a p-value threshold of
highlighted by shade and abold font.

r=1 r=2 r=3 r=4
| =6 3.14e01  1.00e-00  1.00e-00  1.00e-00
=7 1.86e-02 5.88e01  1.00e-00  1.00e-00
=8 8.15e04  7.39e-02 6.19e-01  9.95e-01
=9 3.16e05 590e-03 1.05e-01  557e01
=10 1.10e-06 4.11e04 11502  1.06e-01
=11 3.49e-08 2.60e-05  1.09e-03 1.40e-02
I =12 1.02e-09 151e06 9.48e05  1.63e03

If the statisticd significant level is st as 0.05 the family-wise p-
value, there ae many significant conclusions that we can derive
from this test result. For example, we can conclude that if we
observe d least 7 preys interading with a single bait in any
seach, the event is datisticadly significant (p-value=0.0186). For
another example, if the same bait has appeaed 3timesin dfferent
seaches, we have to olserve an additional 3 preys for these 10
(=7+3) preys to be taken as datisticdly significant (p-
vaue=0.0115). In a fina example, if a bait interads with
hundreds of other preys in a few different SY2H seaches,
acording to the aove result, we say the bait must be seleced
with a significant bias. This result supports many earlier findings
of aticky proteins® and Hghly interading proteins srving as
dnteradion retwork hubs® [5, 1§].

In the seaond test, we ae mncened with the significance of
identifying a protein interadion pair from experimental results.
We want to know whether or not a protein interadion can be
&rusted® for use in subsequent knowledge discovery tasks. We
uset to indicae the number of times that a prey is discovered, and
user, p, and M as described ealy in this dion. Using abinomial
model, we can cdculate the individud-wise type | error,
pvalug,,: for seeng the same prey appeaing t times by chance

inr replicaed seaches as the following:

pvalug,e =Pr(T 3 t)=1- é g‘s%pu a- p)i @)

i=0,1,...t-1

However, asal M preys are avail able, the family-wise type | error
can be controlled in (5) (Westfall),
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pvalug, =Pr(L3 1) =1- {1- pvalug,}" -

In Table 4, we tabulated the p-values under scenarios for t=1to 4
and for r=1, 2, 3, 4, where N=200,000, M=7,000, and p=5.0e-5.
Ead cdl in the table contains a family-wise type | error p-value,
which measures the significance level for discovering the same
bait-prey interadion for t times in r replicaed seaches. For
example, when an interadion is discovered orly oncein a single
non-replicaed seach (r=1 and t=1), this observation is not
significant since p-value=0.295. However, any replicaed
interadion identified from at least two dfferent SY2H seaches
(r ing to be significant, becaise the
cdculated p-valuein al these scenarios are lessthan 0.05.

Table 3. A list of P-value that measures the significance of
observing the same interaction pair t times in r different
sear ches. The scenarios that are significant at a p-value threshold
of

r=1 r=2 r=3 r=4
t=1 2.95e-01 5.03e-01 6.50e01  7.53e-01
t=2 -- 1.74e05 525e-05  1.05e-05
t=3 -- -- 8.75e-10  3.50e-09
t= -- -- -- 0.00e-00

3.4Biological Significanceof I nteractions
Following the discovery of statisticdly significant patterns in the
graw® data set , the next question arises, 3How does one identify
biologicdly significant protein interadions?® Not all staticdly
significant interadions discovered in the previous edion are
biologicdly sensible, becaise a fasely identified human
interading protein can appea in many seaches smply becaise
this protein interads with the yeast transcription fador in the
SY2H system. To address this issue eventuadly, significant
reseach efforts beyondthis work is necessary, including efforts to
perform complementary or validation experimental studies,
conduct manual knowledge curations, and incorporate different
types of biologicd datainto the airrent computational analysis. In
[19], we summarized the dallenges and oppatunities of
integrating biologicd data such as gene expresson information,
functional annotations, homology information, and interacion
network modues.

In this dion, we describe a example of such integrative data
analysis based onthe anotations of protein'sinteradion partners.
The null hypothesisis that proteins do not have spedfic functional
or locdizaion peferences when choosing their interadion
partners. To colled statistics under the null hypothesis, we used a
numericd re-sampling method, in which we randomly rewired the
interadion retwork. Our randomizaion pocedure, however,
preserved ead nodE's degreeof conredivity and thus the overall
network node degree distribution. For ead randamly rewired
network, we retrieved the interadion partners v(n) of ead protein
n and cdculated the frequency of occurrences of each anndation
term among all the aanaations, A[v(n)], avail able for the proteins
in v(n). From this data, we @mputed the distribution functions for
the fradions of ead annaation term among al the terms assigned
to protein's interadion partners. Since we were interested in
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statisticdly significant co-occurrences of the annotation terms, we
adualy cdculated a ondtiona probability, p[IN()[=K|t], to
observe k occurrences of term t among A[v(n)], given
tT Alv(n)]. The ortinuous approximation (cdculating
fractions instead of courts) is helpful for analyzing very small
number of proteins with very large number of interadion partners,
which would dherwise require epensive full network re-
sampling to analyze

Table 4. A summary report showing that highly
interacting proteins, binned by their node degree range,
have significantly high shares of interaction partnersin
diverse annotation categories (sampled).

Node Degree 20-30 31-40 41-80 >80
Range

Development 24 26 22 26
Chaperone 15 7 15 25
adivity
Catalytic adivity 48 16 4 2
Transporter 37 21 19 13
adivity
Motor adivity 12 9 23 27
Signal transducer 42 16 14 15
Trangdation 9 10 15 28
regulator adivity
Extra-cdlular 44 30 25 30
Enzyme regul ator 14 15 6 9
adivity
Transcription 24 32 29 27
regulator adivity
Structural 24 19 44 118
moleaule adivity
Defensg/i mmune 5 2 2 0
adivity
Cell adhesion 24 23 21 12
moleaule adivity
Apoptosis 7 2 5 1
regulator adivity
Significant / 239/596 | 177/269 | 1838/398 | 196/281
Total =40% = 66% =47% =70%

* This term is obsolete in the aurrent version of GO. Our
analysis is still consistent since we used the ncurrent
versions of GO and the protein annotation mapping.

For annotations we used a vocabulary derived from the Gene
Ontology (GO) database. Sincethe GO has direded acyclic graph
quasi-hierarchicd structure, for ead annaation term we perform
a %oll -up® similar to [5] by tradng the term badk to all its
aancestors® & the GO level 1=2 (I=0 is for the roat, I=1 is for
moleaular function®, %iologicd proces®, and 2cdlular

comporent® labels). With this operation we generaly avoid the
problem of many terms being too rarrow and nd sufficiently
represented to enable building robust statistics. It is also plausible
biologicdly to exped multiple interadions with related proteins,
belonging to the same general group (eg. ‘structura’ or
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‘transcription fador'), rather than with a number of same very
spedfic functional modues.

In Table 5, we present a summary of our results. Here, we ae
primarily interested in charaderizing potentialy self-activating
and asticky® false p ositive proteinsb highly interacting proteins
that we define here & those having >20 interadion partners. We
seleded four node degree ranges (20-30, 31-40, 41-80, and >81)
and cdculated significence levels for each annaation term
acording to the method outlined above. For instance, in the group
of proteins with 20 to 30 interadion partners (first row) that
consists of 596 proteins (see the &ignificant/Total® column),

there ae 24 proteins that interad with significantly high numbers
of proteins annotated with the Development® GO term (or its
more spedfic descendants), 15 interad with the significantly high
numbers of proteins involved in @Chaperon Activities® etc. Total
of 239 (40% of 596) proteins in this group have & least one
annaation term overrepresented among their interadion partners
(note that many proteins have more than one significant term in
A(v(n))). From our result, we can conclude that 70% of the
promiscuoudly interacting proteins (node degree 80) have
statisticdly significant interadion petterns and thus cen be
biologicdly significant and adive ¥unctional hubs®. Combined

with the evidence from previous work and previous resultsin this
work, we believe that they shoud not be redklesdy dismissed, but
rather thoroughly analyzed with &l the biologicd evidence
available. It shoud be noted that some proteins are involved in
various adivities under different conditions, so that when the
whole set of interadion partners is analyzed regardless of the
source tisale, developmenta stage, etc., no particular functional
category may seem to be overrepresented. Thus, our estimates can
be mnservative.

4 DISCUSSON

In this gudy, we performed a cmmprehensive asesanent of the
human protein interadome data, which were derived from the
SY2H method We showed that this data set comprehensively
surveyed the human proteome without an apparent bias in source
chromosomal locdions. We dso showed that the data had a good
reproducibility above 78% and a low false positive rate &
approximately 5.5e-5. We developed severa dstatisticd data
mining techniques to assess both the statisticd and hologicd
significance of interadions, espedaly for those data with
replicaions and annotated GO term labels. We showed evidence
were not random noises; instead, they could be hietwork hubs® of
the cél signaling network. We dso attributed the low noise in our
data to the adoption d standard control in the experimental data
generation [rocess

Severa fadors may have prevented similar insights into the
protein interadome data hoise®isaie from being developed urtil
this work. First, protein interadome data were scarce until very
recently. Not many researchers have acessto this type of data;
even fewer have first-hand experience trying to extrad useful
information from it. Second there is a genuine lad of biologicd
understanding in hov Y2H method works. This may have
presented the development of new concepts such as protein
gnetwork hubs®. Third, many pubdic data ae produced in labs
withou the modern roba equipments or proper enforcement of
standard operation protocols. Therefore, experimental variations
are prevalent. Fourth, even today, the public protein interacome
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data set does not contain essntial information such as protein
interadion regions, interadion strengths, or repli caed interadions
under similar experimental condtions. With an ongoing surge of
protein interadome data in the next few yeas, we hope our ealy
results will restore some asaurance to forthcoming data miners of
thisinformation.
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ABSTRACT

In the domain of gene expression data analysis, various
researders have recertly emphasized the promising ap-
plication of pattern discovery techniques like assciation
rule mining or formal concept extraction from boolean
matrices that encode gene properties. To take the most
from these approaches, a neededstep concernsgeneprop-
erty encading (e.g., over-expression) and its need for the
discretization of raw gene expressiondata. The impact
of this preprocessingstep on both the quantity and the
relevancy of the extracted patterns is crucial. In this pa-
per, we study the impact of discretization parameters by
a sound comparison betweenthe dendrograms, i.e., trees
that are generated by a hierarchical clustering algorithm,
computed from raw expression data and from the vari-
ous derived boolean matrices. Thanks to a new similarit y
measureand practical validation over seweral geneexpres-
sion data sets, we propose a method that supports the
choice of a discretization technique and its parameters
for each speci ¢ data set.

1. INTRODUCTION

Thanks to a huge researd e®ort and technological break-
throughs, one of the challengesfor molecular biologists is
to discover knowledge from data generated at very high
throughput.  For instance, di®erert techniques (includ-
ing microarray [13] and SAGE [24]) enable to study the
simultaneous expression of (tens of) thousands of genes
in various biological situations. The data generated by
those experiments can be seenas expression matrices in
which the expressionlevel of genes(rows) are recorded in
various biological situations (columns). A toy example of
some microarray data is the matrix in Tab. la.
Exploratory data mining techniques are neededthat can,
roughly speaking, be considered as the seard for inter-
esting bi-sets, i.e., sets of biological situations and sets
of genesthat are assaiated in some way. Indeed, it is
interesting to look for groups of co-regulated genes,also
known as synexpression groups [19], which, based on the
guilt by assaiation approach, are assumedto participate
in a common function, or module, within the cell. A set
of co-regulated genesand the set of biological situations
that givesrise to this co-regulation is called a transcrip-
tion module. Discovering transcription modules is one of
the main goalsin functional genomics.

Various techniques can be usedto identify a priori inter-
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oulic aut g@nsa-ly on. fr

1 2 3 4 5
al-1 6 0 12 9
b|3 -2 3 -3 1
c|0O 5 -1 6 6
dj{4 -1 2 -2 -1
el-3 9 1 10 6
f|5 3 3 6 0
g|l4 -4 3 -7 0
h|l-2 2 -2 8 5

(a)

1 2 3 4 5
al0O 1 0 1 1
b1 0 1 0 1
c|0 1 0 1 1
dj{1 0 1 0 O
el0 1 0 1 1
f{1 0 1 0 1
g|/1 0 1 0 1
h|{o 0 0 1 1

()

1 2 3 4 5
a/0 0 0 1 O
b1 0 1 0 O
c|0 O 0 1 1
d/1 0 0 0 O
e|l0 0 O 1 O
f{1 0 0 O O
g|/1 0 0 0 O
hio 0 0 1 O

(©

Table 1: An example of gene expressionmatrix (a) with
two derived boolean matrices (b and c)

esting bi-sets. Biologists often use clustering techniques
to identify setsof genesthat have similar expressionpro-
Tes (see, e.g., [14]). Statistical methods can be used as
well (see,e.qg., [16; 4]). It is also possibleto look for these
putativ e synexpressiongroups by computing the so-called
frequent itemsets from boolean contexts that encode gene
expressionproperties [1]. Deriving assaiation rules from
frequently co-regulated geneshas beenstudied aswell [3;
10]. Furthermore, putativ e transcription modules can be
provided by computing the so-calledformal concepts(see,
e.g., [25]) in this kind of boolean data [21; 22].

A key issue for using these pattern discovery techniques
from boolean data concernsgeneexpressionproperty en-
coding. Let O denotes a set of biological situations and
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P denotes a set of genes. The expression properties can
beencadedintor p O£ P. (0i;9) 2 r denotesthat gene
j hasthe encoded expressionproperty in situation i. Dif-

ferent expressionproperties might be consideredlike, e.g.,
over-expression,up or down regulation, strong variation.

Generally, encading is performed according to some dis-
cretization operators that, given user-de ned parameters,
transform ead numerical value from raw geneexpression
data into one boolean value per gene property. Many
operators can be used that typically compute thresholds
from which it is possibleto decide wether the true or the
false value must be assigned. For instance, in Tab. 1b, an
over-expression property has been encoded and genesa,
¢, and e are over-expressedtogether in situations 2, 4 and
5.

We consider that mining boolean gene expression data
sets is extremely useful thanks to the patterns that can
be extracted now with etcient algorithms (e.g., frequent
closedset[7; 20; 26] or conceptextractors [5]). In this con-
text, the critical step of gene expressiondata discretiza-
tion hasnot beenstudied enoughwhile its impact on both
the quantit y and the relevancy of the extracted patterns
is crucial. For instance, the density of the discretized
data depends on the discretization parameters and the
cardinalities of the resulting sets (collections of itemsets,
assciation rules or formal concepts) can be very di®erert.

In this paper, we propose a method that supports both

the choice for a discretization technique and an informed

decision about its parameters. We cooperate with molec-
ular biologists that are usedto collect important informa-

tion about putativ e synexpressiongroups and transcrip-

tion modules by using the hierarchical clustering tech-
nique that has been popularized by the Eisen software
[14]. We decided to study the impact of discretization

parameters by a sound comparison between the dendro-
grams that are generated by the same hierarchical clus-
tering algorithm applied to both the raw expressiondata
and various derived boolean matrices. Comparing trees
by means of ad-hoc similarit y measureshas been studied

alot, including in the bioinformatics domain for the anal-
ysis of phylogenies(see,e.g.,[18; 23; 15]). Other measures
evaluate the quality of partitions w.r.t. a reference par-

tition of the data set. The ditcult y is then to identify

on dendrograms the cut levels at which we can compare
the partition on the real data set with the one on boolean
data set.

The contribution of this paper is twofold. First, we pro-
pose a new similarit y measure for binary trees (such as
dendrograms generated by any hierarchical clustering al-
gorithm), that is level independert, and dependsfor eacth
node on its subtree structure. Next, we have studied the
behavior of our measureon seweral gene expressiondata
setsin order to support the choice a discretization tech-
nigue and the discretization parameters that have to be
used when encading boolean gene expression properties
in order to perform excient pattern discovery techniques
like assaiation rule mining or formal concept discovery.

In Section 2, we de ne our similarity measure between
two binary trees. In Section 3, we study the behavior of
this measure for di®erert gene expressiondata sets. Fi-
nally we considerin Section 4 the impact of our technique
on a KDD processwhich "nds biologically relevant infor-
mation in a well-studied geneexpressiondata set. Section

BIOKDDO04: 4th Workshop on Data Mining in Bioinformatics (with SIGKDD Conference)

5 concludes.

2. COMPARING BINARY TREES

The problem of "nding the best comparison method for
trees is still open even though it has been considered in
various application domains. Considering the analysis of
phylogenies, distance measuresbetween both rooted and
unrooted trees have been designedto compare di®erert
phylogenetic trees concerning the same set of individu-

als (e.g., di®erent species of animals having a common
ancestor). Various distance metrics between trees have
been proposed. The nni (nearest neighbor interchange)
and the mast (maximum agreemern subtree) are two of
the most used metrics. nni has been introduced inde-
pendertly in [18] and [23] and its NP-completeness has
beenrecertly proved [11; 12]. mast has been proposedin
[15], and [9] describesan excient algorithm for computing

this metrics on binary trees. These two approaches are
tailored for the problem of comparing phylogenies where
the goal is to measure some degree of isomorphism be-
tween two dendrograms represerting the same species of
biological organisms.

In our data mining problem, we have sets of objects (vec-
tors of expressionvaluesfor genesin various biological sit-
uations), that we want to processwith a hierarchical clus-
tering algorithm. Depending on the di®erert discretiza-
tion operations on raw expressiondata, a sameclustering
algorithm working on encoded boolean gene expression
data canreturn (very) di®erert results. We are looking for
a method that supports the comparison of these various
gene and/or situation dendrograms obtained on boolean
data w.r.t. the common reference dendrogram that has
been computed from the raw data. We needto measure
both the degree of similarit y of their structures and the
similarit y betweenthe contents of their assaiated collec-
tions of clusters. We designeda simple measurewhich is
also easyto compute. Intuitiv ely, it dependson the num-
ber of matching nodes between the two trees we have to
compare.

2.1 De nition of similarity scores

denote a binary tree built on O. Let L = fli;:::;lhg
denote the set of n leavesof T assaiated to O for which,
8i2[1:::n];li " o. Let B= fby:::by,; 19 denote the set
of nj 1nodesof T generatedby a hierarchical clustering
algorithm starting from L. By construction, we consider
bh; 1 = r, where r denotesthe root of T. We de ne the
two sets:

+(h) = fb 2 Bjb is adescendentof bg;

&) =fl; 2 Ljljis adescendentof hg:

An example of a tree for a set containing 8 objects (i.e.,
the genesfrom Tab. 1a) is givenin Fig. 1. In this example,
¢ () = fb;d;f;gg and +(bs) = fhy; Q.

We want to measurethe similarit y betweenatree T and a
referencetree T, built on the sameset of objects O. For
each node b of T, we de ne the following score (denoted
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Figure 1: An example of binary tree

Sg and called BScore ):

X
Sg (b;Trer) = q
bj 2 £(bj)
8 ., .
< e T _
8 =, O 2 Trer je(B)=c(b) (D)
0; otherwise

In other terms, for a node bin T, its score depends both
on the number of its matching nodesin Trer (b 2 Trer
is a matching node for bif ¢ (b) = ¢ (b)) and j¢(b)j. To
obtain the similarity scoreof T w.rt. T,e (denoted St
and called TScore ), we consider the BScore value on
the root, i.e.:

St (T;Tref) = Sg (r;Tref) (2)

As usually, it is interesting to normalize the measureto
get a scorebetweenO (for a tree which is totally di®erert
from the reference) and 1 (for a tree which is equal to
the reference). For the TScore measure, since its max
value depends on the tree morphology, we can normalize
by St (Trer; Trer ):

= /. _ St (T; Tref)

ST (Tl Tr o ) ST (Tr ef ;Tr ef ) (3)
St (T;Tref) = 0 meansthat T is totally di®erert from
Tref, i.€., there are no matching nodes between T and
Tret . Indeed, St (T;Trer) = 1 meansthat T is totally
similar to Tef , i.€., every nodein T matcheswith a node
in Trer . Given two trees T and T, and a reference T, e ,
if St (T1; Trer ) < St (T2; Trefr ), then T is said to be more
similar to T,er than Ti1 according to TScore .
Let us now provide a constructive de nition to compute
the BScore s for every node of the tree, and retrieve its
value for the whole tree. Assume that functions ¢ (k)
and ¢ (b) respectively return the left and the right child
ofb. In Fig. 1 ¢ (by) = bs et ¢ (by) = bs. The BScore
measure can be rede ned as follows:

SB (h;Tref): 3/4((:I (h);Tref)+ %(Cr (h);Tref) (4)
where

8 N .
< zmor toSe (b Trer ) if

Yabe; Trer) = 9[:] 2 Trer jé(bx) = o(h)
Se (bx; Tret ); otherwise
%(lk;Tref) = 0; 8|k 2L
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This de nition emphasizesthat the BScore for each node
depends on the BScore values of its children. The fact
that eadh node \inherits" the similarit y information of its
children is useful when comparing two trees that result
from a hierarchical clustering algorithm.

2.2 Comparisonbetweengenedendrograms

Tab. lais atoy example of a geneexpressionmatrix. Each
row represerts a genevector, and eac column represerts
a biological sample vector. Each cell contains an expres-
sion value for a given gene and a given sample. In this
example, we have O = fa;b;c;d;e;f;g;hg. A hierarchical
clustering using the Pearson's correlation coetcient and
the average linkage method (see, e.g., [14]) on the data
from Tab. 1aleadsto the dendrogram in Fig. 1.

Assume now that we discretize the expressionmatrix by
applying two di®erert methods used for over-expression
encading [3]. The rst one considers the mean between
the max and min valuesfor each genevector. Valuesthat
are greater than the averagevalue are setto 1, 0 otherwise
(Tab. 1b). A secondmethod takesinto accourt the max
value for each genevector. Valuesthat are greater than
90% of the max value are setto 1, O otherwise (Tab. 1c).
Assume now that we use the same clustering algorithm
on the two derived boolean data sets. The resulting den-
drograms are shown in Fig. 2. Fig. 2a (resp. Fig. 2b)
represerts the gene dendrogram obtained by clustering
the boolean matrix in Tab. 1b (resp. Tab. 1c).

a)

b)

Figure 2: Gene trees built on two di®erertly discretized
matrices

We can now use the similarity score and decide which
discretization is better for this gene expressiondata set,
i.e., the one for which St (T; T« ) has the largest value.
The common reference (T,ef ) is the tree in Fig. 1. Let
Ta and T, denote the trees in Fig. 2a and 2b respectively.
Using Equation 4, we obtain the results in Tab. 2.

To normalize the similarit y scores,we just needto divide
the BScore s of the root of the rst two dendrograms,
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Ta
No de | Match é Ya S
b1 - fb;fg 0 0
(073 b fb;f; g9 0.33 0
bz b fb;d;f;g9 | 0.58 | 0.33
by by fa;cg 0.5 0
bs bs fa;c;eg 0.83 | 05
b bs fa;c;e;hg | 1.08 | 0.83
by by O - 1.67
Tp
No de | Match é Y Sg
b1 - fd;fg 0 0
b - fd;f;gg 0 0
b fb;d;f;g9 | 0.25| 0
by - fa;eg 0 0
bs - fa;e;hg 0 0
bes b fa;c;e;hg | 0.25 0
by by (0] - 0.5
Tr ef
No de | Match ; Y Sg

é
ff; g9 0.5 0
fb;f;gg | 0.83 | 05
fb;d;f;gg | 1.08 | 0.83
fa;cg 0.5 0
fa;c;eg 0.83 | 05
fa;c;e;hg | 1.08 | 0.83

O - 2.17

ITEFEFEFSTS
ITEFFEFSTT

Table 2: BScore values. Nodes matching in T,¢ are in
the Match columns.

by the BScore of the root of the reference dendrogram
(Equation 3):
St (Ta; Trer) _ 1:67

St (Ta; Trer ) = m— rﬂ: 0:77
ST (Tb;Tref) - 0:5
ST (Tref ;Tref ) 2:17

Since St (Ta; Trer) > St (To; Trer ), the st discretiza-
tion method is considered better for this data set w.r.t.
the performed hierarchical clustering. In fact, in Ta, only
node b; doesnot match (i.e., it doesnot share the same
set of leaves) with any node in T,ef , While in Ty, there are
only two nodes (bz and bs) that match with some nodes
in T, ef .

The same processcan be applied to situation dendro-
grams by considering now that the objects are the situa-
tions. In practice, we perform both processedo support
the choice of a discretization technique as illustrated in
the next section.

§(Tb;Tref ) = = 0:23

3. COMPARING DIFFERENT
DISCRETIZATION TECHNIQ UES

Many discretization techniques can be used to encade
gene expression properties from expression values that
are either integer values (casefor SAGE data [24]) or real
values (case for microarray data [13]). In this paper, we
consider for our experimental study only three techniques
that have been used for encading the over-expression of
genesin [3]:

2 \Mid-Ranged". The highest and lowest expression
valuesare identi ed for each geneand the mid-range
value is dened. For a given gene, all expression
values that are strictly above the mid-range value
give rise to value 1, O otherwise.
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2 \Max - X% Max". The cut o®is xed w.r.t. the
maximal expression value obserwed for eath gene.
From this value, we remove a percertage X of this
value. All expressionvalues that are greater than
the (100 X )% of the Max value give rise to value
1, 0 otherwise.

2 \X% Max". For each gene, we consider the situa-
tions in which its level of expressionis in X% of the
highest values. These genesare assignedto value 1,
0 otherwise.

We want to evaluate the relevancy of a discretization al-
gorithm and its parameters according to the preserved
properties w.r.t. a hierarchical clustering of the raw data.
So, we have to compare the dendrograms obtained from
the three di®erert boolean matrices with the reference
dendrogram.

We have consideredthree geneexpressiondata sets: two
microarray data sets and a SAGE data set. The rst

data set (CAMD A [8]) concernsthe transcriptome of the
intraerythro cytic developmental cycle of the plasmodium

falciparum, a parasite that is responsible for a very fre-
quent form of malaria. We have the expression values
for 3 719 genesin 46 di®erert time points. The second
data set (Drosophila [2]) concernsthe gene expression of
drosophila melanogasterduring its life cycle. We have the
expressionvalues for 3 030 genesand 81 biological sam-
ples, including both male and female adult individuals.

The third one (human SAGE data from NCBI, seealso
[17; 22]) contains the expressionvalues for 5 327 human
genesin 90 di®erert cancerousand not cancerouscellular
samplesbelonging to di®erert human organs.

In Tab. 3, we report the densities (i.e., the ratio of true
values) of the boolean matrices produced with the \Mid-

Ranged" method. In Fig. 3, we provide the density curves
for the three data setsand depending on di®erert thresh-
olds for the \Max - X% Max" method (densities for the
\X% Max" method are quite similar).

Resulting densiies or Wax - X5% Max binaiization method

Dty

Tiesstold

Figure 3: Density values for di®erert \Max - X% Max"
thresholds

We processedall the computed boolean matrices with a
hierarchical clustering algorithm based on the certered
Pearson's correlation coe+cient and the average linkage
method. The same algorithm with the same options has
been applied to the three original matrices. Finally, for
ead data set, we have compared all the genesand situ-
ations trees derived from the boolean matrices with the
referencetrees. The results in terms of TScore (Equa-
tion 4) for the \Mid-Ranged" method, are summarized in
Tab. 3. For the \Max - X% Max" and \X% Max" meth-

page 27



ods we summarize the results depending on the variation
of the threshold X for the gene dendrograms in Fig. 4a
and Fig. 4c, for the situation dendrogramsin Fig. 4b and
Fig. 4d. It is important to obsere that, for eath data
set, we obtained the highest values of similarit y scoresfor
both the genesand the situations for almost the same
discretization thresholds.

Similarit y score
Data set | Density Genes | Situations
CAMD A 0.313665 | 0.034155| 0.746437
Drosophila | 0.441146 | 0.059570| 0.591343
SAGE 0.053958| 0.110131| 0.776736

Table 3: Similarity scoresfor clustering trees on Mid-
Ranged discretized matrices

We have also applied the same clustering algorithm on
various randomly generated boolean matrices based on
the same sets of objects. Then, we have compared the
resulting dendrograms with the reference. In the “rst
two data sets (CAMD A and Drosophila), the similarity
scores of the randomly generated boolean matrices are
always very low or equal to 0. In the SAGE data set,
given a density value, the genescoresresulting from ran-
domly generated matrices are always lower than the ones
obtained by any discretization method (while the situa-
tion scoresare always negligible). One possible reasonis
that the discretized matrices are here very sparse com-
pared to the rst two data sets (seeFig. 3). Using a low
threshold to discretize such a matrix doesnot make sense:
obtained scoresare similar to the scoreswhich are com-
puted on random boolean matrices. Moreover, using a
high threshold value X for the \X% Max" discretization
method leads to similarit y scoresthat are closeto those
obtained for randomly generated matrices, though still
higher. We can obsene the behavior of this particular
SAGE data set in Fig. 5.

To conclude this section, comparing dendrograms result-
ing from the clustering of di®erert typesof derived boolean
matrices enablesto choosethe \b est" discretization method
and parameters for a given data set. If we analyze the
graphics of similarity scoresw.r.t. the thresholds used
in the \Max - X% Max" and \X% Max" methods (see
Fig. 4), we obsene the presenceof either a max or an
asymptotic behavior. It meansthat the bestchoice for the
discretization threshold could be a trade-o® between the
value for which we get the best similarit y score, and the
value for which the data mining task remains tractable.

4. AN APPLICATION TO A REAL
PROBLEM

We have applied the proposedpreprocessingtechnique to
a real gene expressiondata set to validate our approach
throughout a complete KDD process. We have decided
to mine the data described in [2]. It concernsthe gene
expression of the Drosophila melanogaster during its life
cycle. The expression levels of 4 028 genesare evalu-
ated for 66 sequerial time periods from the embryonic
state till the adulthood. The total number of samples
is 81 since the gene expressionduring the adult state is
measured for male and female individuals. For our ex-
periment we have used only a set of 20 time periods for
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adult individuals. This set is composed of 8 male adult

samples, 8 female adult samples,2 male and 2 female tu-

dor samples. The set of geneswe have used is derived
from the original set from which we removed those genes
that are under-expressedin all the 20 situations and over-
expressedin at least 11 biological situations. We have
obtained a 3 433£ 20 matrix which has been processed
according to our methodology. The raw expressionmatrix

has beendiscretized using the \Mid-Ranged" and \Max -
X% Max" methods. The resulting boolean matrices and
the original matrix have beenprocessedwith the sameas-
cendart hierarchical clustering algorithm using Pearson's
correlation coexcient and average linkage. Then, using
our tree comparison technique, we have compared the

gene and situation dendrograms. The similarity scores
are preserted in Fig. 6.

Our goal was to identify a particular class of genes,the
so-called \male somatic genes", that characterizes the
male adult individuals (seeTable S30in [2]). 31 of these
37 genes are presert in our data set and we tried to
seardy them by mining formal concepts in the various
derived boolean matrices. Intuitiv ely, formal concepts
are maximal rectangles of true values in boolean matri-
ces. For instance, in the boolean context from Tab. 1b,
(fa,c,e,f2,4,59 is a formal concept, i.e., a strong asso-
ciation between two closed sets. We used the D-Miner
algorithm [5; 6]) which extracts all the concepts satis-
fying some user-de ned monotonic constraints. We ex-
tracted all the concepts with at least 3 situations and
at least 20 genes. Then we have post-processedthe ex-
tracted collection to keepthose which concern only male
individuals. Finally, we measured the number of male
somatic geneswhich appear in the di®erert sets of the
post-processedconcepts. To better evaluate the results,
we also built two other sets of concepts: the collection of
concepts which concern only female individuals, and the
collection of concepts which involve at least one female
individual. We summarize the results in Fig. 7.

The discretization threshold that givesthe best similar-
ity scoreand that we identify in both graphs from Fig. 6
(X = 54% for the \Max - X% Max" method), enables
to retrieve 25 of the 31 male somatic genesfrom the con-
ceptsthat concernonly male individuals. Moreover, even
though higher thresholds enable to retrieve more somatic
genes,the slope of the curve, after the optimum, begins
to decrease,while the slope of the curvesof male somatic
genesidenti ed in conceptsconcerning female individuals
starts to increase. Choosing the discretization threshold
enablesto control the trade-o® between extraction com-
pletenessand noise impact.

5. CONCLUSION

We de ned a new pre-processingtechnique that supports
the evaluation and assessmen of di®erert discretization
techniques for a given gene expression data set. The
evaluation is based on the comparison of dendrograms
obtained by clustering various derived boolean matrices
with the one obtained on the raw matrix while using the
same clustering algorithm. The de ned metrics is simple
and we have validated its relevancy on di®erert real data
sets and on a biological problem. This is a step towards
a better understanding of a crucial pre-processing step
when we want to apply the extremely promising pattern
discovery techniques basedon set patterns.

page 28



Similarity score for different binarizations of SAGE data

+ Random daia
= ax- X bax

Similarity scores for "Max - X% Max" binarization method (gene dendrograms) 13 ¢ 7Y %% Max
"
oot
; ~
« \‘\ A
/'( E AN
N .
y: 3 .
N 3 04
s Damity
5 # - = - Drosophil
= bg - SAGE
006 .o

Figure 5: Similarit y scoresdepending on density for \Max
- X%Max", \X%Max" and random discretization meth-
ods applied to SAGE data

b)

Similarity scores for "Max - X% Max" binarization method (situation dendrograms)

o3 Similarty scores of gene trecs for Wax - X% Wax binaiization method

054

——caNiDA

- Ocecphila
- - siGE
& oots
3
i 001
./
S
o
W3 0005
3
p = P « o o
Xtweshaid

c) : s

Similarity score for "X% Max" binarization method (gene dendrograms)

L larity scores of for Max - X5 M
008 | rmmmmtrmm o - o8t
o0
Ty -
oo
. o
=,
. B - | ——caiba &
§oost Drsophi
é - SAGE
.05
o4 | §
£
04
003
03
o0t
° '
T 15 » = » “« s P
Xifvoshold
3
d o o1 0z 03 04 0s oe 07 oz os 1
Threshold

Similarity scores for "X% Max" binarization method (situation dendrograms)

N Figure 6: Similarit y scoresdepending on various thresh-
olds for \Max - X%Max" discretization method
Kietot * ® “ .
i

Figure 4: Similarit y scoresw.r.t. di®erert thresholds for
\Max - X%Max" (a and b) and \X%Max" (c and d) dis- ’
cretization methods g

Figure 7: Number of identied male somatic genesw.r.t.
discretization thresholds for di®erert sets of concepts

BIOKDDO04: 4th Workshop on Data Mining in Bioinformatics (with SIGKDD Conference) page 29



6. ACKNOWLEDGEMENTS

The authors want to thank C&line Robardet, Sylvain Bla-
chon and Olivier Gandrillon for the pre-processingof the
SAGE data set, and Sophie Rome for stimulating discus-
sionsand her participation to the Drosophila application.

7. REFERENCES

[1] R. Agrawal, H. Mannila, R. Srikant, H. Toivonen,
and A.l. Verkamo. Fast discovery of assciation rules.
In Advancesin Knowledge Discovery and Data Min-
ing, pages307{328. AAAI Press, 1996.

[2] M.N. Arbeitman, E.E. Furlong, F. Imam, E. John-
son, B.H. Null, B.S. Baker, M.A. Krasnow, M.P.
Scott, R.W. Davis, and K.P. White. Gene expres-
sion during the life cycle of drosophila melanogaster.
Sciencae, 297:2270{2275,september 2002.

[3] C. Becquet, S. Blachon, B. Jeudy, J-F. Boulicaut,
and O. Gandrillon. Strong-assciation-rule mining
for large-scale gene-expressiondata analysis: a case
study on human SAGE data. Genome Biology, 12,
November 2002.

[4] S.Bergmann, J. Inmels, and N. Barkai. Iterativ e sig-
nature algorithm for the analysis of large-scalegene
expressiondata. Physical Review, 67, March 2003.

[5] J. Besson, C. Robardet, and J-F. Boulicaut.
Constraint-based mining of formal conceptsin trans-
actional data. In Proceedings PaKDD'04, volume
3056 of LNAI, pages 615{624, Sydney, Australia,
May 2004. Springer-Verlag.

[6] J. Besson,C. Robardet, J-F. Boulicaut, and S. Rome.
Constraint-based concept mining and its application
to microarray data analysis. Intel ligent Data Analy-
sis journal, 9(1), 2004. To appear.

[7] J-F. Boulicaut and A. Bykowski. Frequert closuresas
a concise represertation for binary data mining. In
Proceedings PAKDD'00 , volume 18050f LNAI , pages
62{73, Kyoto, Japan, April 2000. Springer-Verlag.

[8] Z. Bozdedh, M. Llinfas, B. Lee Pulliam, E.D. Wong,
J. Zhu, and J.L. DeRisi. The transcriptome of the
intraerythro cytic developmertal cycle of plasmodium
falciparum. PLoS Biology, 1(1):1{16, October 2003.

[9] R. Cole and R. Hariharan. An o(n log n) algorithm
for the maximum agreemert subtree problem for bi-
nary trees. In Proceedings ACM-SIAM Symposium
SODA'96, pages 323{332, Atlanta, USA, January
1996.

[10] C. Creighton and S. Hanash. Mining gene expres-
sion databasesfor assaiation rules. Bioinformatics ,
19(1):79 { 86, 2003.

[11] B. DasGupta, X. He, T. Jiang, M. Li, J. Tromp, and
L. Zhang. On distances between phylogenetic trees.
In Proceedings ACM-SIAM  Symposium SODA'97,
volume 55, pages427{436. 1997.

[12] B. DasGupta, X. He, T. Jiang, M. Li, J. Tromp,
and L. Zhang. On computing the nearest neighbor
interchange distance. In Discrete mathematical prob-
lems with medical applications, pages125{143, Prov-
idence, USA, 2000. Amer. Math. Soc.

BIOKDDO04: 4th Workshop on Data Mining in Bioinformatics (with SIGKDD Conference)

[13] J.L. DeRisi, V.R. lyer, and P.O. Brown. Exploring
the metabolic and genetic control of geneexpression
on a genomic scale. Science, 278:680{686, 1997.

[14] M.B. Eisen, P.T. Spellman, P.O. Brown, and D. Bot-
stein. Cluster analysis and display of genome-wide
expression patterns. Proc. Natl. Acad. Sci. USA,
95:14863{14868,Decemnber 1998.

[15] C.R. Finden and A.D. Gordon. Obtaining common
pruned trees. Journal of Classi cation, 2:255{276,
1985.

[16] J. Ihmels, G. Friedlander, S. Bergmann, O. Sarig,
Y. Ziv, and N. Barkai. Revealing modular organi-
zation in the yeast transcriptional network. Nature
Genetics, 31:370{377, august 2002.

[17] A.E. Lash, C.M. Tolstoshev, L. Wagner, G.D.
Schuler, R.L. Strausberg, G.J. Riggins, and S.F.
Altschul. SAGEmap: A public gene expression re-
source. Genome Resarch, 10(7):1051{1060, July
2000.

[18] G. W. Moore, M. Goodman, and J. Barnabas. An
iterativ e approach from the standpoint of the addi-
tiv e hypothesisto the dendrogram problem posedby
molecular data sets. Journal of Theoretical Biology,
38:423{457,1973.

[19] C. Niehrs and N. Pollet. Synexpressiongroups in eu-
karyotes. Nature, 402:483{487, 1999.

[20] J. Pei, J. Han, and R. Mao. CLOSET an ezxcient al-
gorithm for mining frequent closeditemsets. In Pro-
ceedings ACM SIGMOD Workshop DMKD'00 , pages
21{30, Dallas, USA, May 2000.

[21] F. Rioult, J-F. Boulicaut, B. Cr@&milleux, and
J. Besson.Using transposition for pattern discovery
from microarray data. In Proceedings ACM SIGMOD
Workshop DMKD'03 , pages73{79, San Diego, USA,
June 2003.

[22] F. Rioult, C. Robardet, S. Blachon, B. Cr&milleux,
O. Gandrillon, and J-F. Boulicaut. Mining concepts
from large sagegeneexpressionmatrices. In Proceed-
ings KDID'03 co-located with ECML-PKDD 2003,
pages107{118, Catvat-Dubrovnik, Croatia, Septem-
ber 2003.

[23] D. F. Robinsons. Comparison of labeled trees with
valency three. Journal of Combinatorial Theory, Se-
ries B, 11:105{119, 1971.

[24] V.E. Velculescu, L. Zhang, B. Vogelstein, and K.W.
Kinzler. Serial analysis of gene expression. Science,
270:484{487,1995.

[25] R. Wille. Restructuring lattice theory: an approach
based on hierarchies of concepts. In I. Rival, editor,
Ordered sets pages445{470. Reidel, 1982.

[26] M. J. Zaki and C. J. Hsiao. Charm: An ezcient
algorithm for closed itemset mining. In Proceedings
SDM'02, Arlington, USA, Avril 2002.

page 30



Meta-classification of Multi-type Cancer Gene Expression
Data
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ABSTRACT

Massve pubicly available gene epresson data @nsisting of
different experimental condtions and microarray platforms
introduce new challenges in data mining when integrating
multiple gene expresson cata. In this work, we proposed a meta-
clasdficaion agorithm, which is cdled MIF agorithm, to
perform multi-type cacer gene expresson data dassficaion. It
uses regular histograms for gene expresson levels of certain
significant genes to represent sample profiles. Differences
between profiles are then used to obtain disgmilarity measures
and indicators of predictive dasss. In order to demonstrate the
robustness of the algorithm, 10 different data sets, which are
individually pubished in 8 publicéions, are experimented. The
results show that the MIF algorithm outperforms the simple
majority-voting meta-classficaion algorithm and hes a good
meta-classification performance In addition, we dso compare our
results with other researchers works, and the comparisons are
impressve. Finally, we have confirmed ou findings with
cance/testis (CT) immunagenic gene families of heterogeneous
samples.

Keywords

Gene expresson, meta-classgfication, heterogeneous, multi-type

1.INTRODUCTION

Although DNA microarray techniques bring breathroughs to
cance study, masdve pubicly available gene expression chta,
which are cndwted by different laboratories with various
experimental condtions and microarray platforms, introduce new
challenges to conduct data mining with an integration d multiple
and heterogeneous gene expresson data. For gene expression chta
in cancer study, the alvance of data mining leads to the discovery
of global cancer profiling, patient classficaion, tumor
clasgficaion, tumor-spedfic moleaular marker identification and
pathway exploration [15]. Different mining algorithms have been
proposed, and significant findings are exploited corresponding to
different agorithms. For most cases, validations of findings are
dore by a series of biologicd experiments or laboratorial works.
However, in terms of efficiency and effediveness of mining
algorithms with resped to clinicd applicability and robustness
the validations are mainly restricted by crossvalidation or sub-
sampling within a single data set [4], [11]. This validation scheme
is nat sufficiently to draw conclusions becaise of the problems of
over-fitting and hamogeneity within a single data set. To avoid
these problems, there ae two paential solutions: (1) it is required
to validate mining algorithms with heterogeneous data sets
consisting of different microarray platforms and experimental
condtions, and (2) meta-analysis is performed with a number of
heterogeneous data sets so that it can make meta-dedsions with an
integration d these data sets, rather than with individual data sets
(], [19].
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To perform classificaion o heterogeneous data nsisting of
multi-type cancer, some common fedures (i.e. significant genes)
must be founded in various cancer types. Subsets of genes, which
are cdled canceltestis (CT) immunogenic gene families, are
recently proposed to have asciations with ore or more than ore
cancer type. Van der Bruggen et al. [23] suggested an approac to
identify the moleaular definition of tumor antigens recognized by
T cdls, and this approac leads to the discovery of various human
tumor antigens, such as MEGEA1 and BAGE. Discovered tumor
antigens are recently grouped into distinct subsets, and the subsets
are named as cancer/testis (CT) immunogenic gene families.
Currently, reseachers have discovered 44CT immunagenic genes
famili es consisting of 89 individual genesin total [20].

In our previous works, we proposed a measure cdled “impad
factors (IFs)” to improve the clasdfication performance of
heterogeneous gene expresson cata [7], [8]. In this paper, we
extend the works and propose a meta-classfication algorithm,
which is cdled Magjority-voting with Impad Fadors (MIF)
algorithm, to clasdfy multi-type cancer gene expression chta
consisting of both different cance types and microarray
platforms. In order to validate the reliability and robustnessof the
MIF agorithm, 10 gene expresson data sets, which are publi shed
in 8 different publications, are eperimented, and the
clasdfication performance of the MIF agorithm is not only
compared with the simple majority-voting meta-classfication
algorithm, but also with results of other researchersin [2].

2.RELATED WORKS

Recent progressin mining gene expresson chta is to discover
knowledge from multiple and heterogeneous gene expression
data. Some works are concerning theoreticd flexibility to
integrate gene expresson dhta with various microarray platforms
and technologies. Lee et al. [10] and Kuo et al. [9], respedively,
described different approaches based on simultaneous mutual
vaidation o large numbers of genes using two dfferent
microarray platforms. They used the NCI-60 data sets consisting
of spotted cDNA arrays and Affymetrix oligonucleotide cips.
Choi et d. [5] proposed a systematic integration o gene
expresson ceta based on nomalizing data with an estimated
means of other data sets.

For application level, classficaion is one of the common areas in
data mining of gene expresson data. Ng et a. [13] proposed a
method to perform subtype classification with six different gene
expresson studies on Saccharomyces cervisiae. Recantly, Bloom
et al. [2] conducted a study of multi-platform, multi-type and
multi-site dasdficaion on cancer gene epression dceta. In the
study, 15 cancer types, published in 4 different pubdications, are
experimented.

Meta-clasdficaion approaches are mainly divided into three
caegories [21]. The first caegory is to average individual
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Figure 1. Processoverview of the MIF algorithm.

dedsions of different element clasdfiers withou altering the
original leaning algorithms of the dement classfiers. The second
caegory is to predict the right learning algorithm or classfier for
a particular problem from a set of element classifiers based on
analyzing the fitnessof the dharacteristics of testing data sets. The
last category is to take asub-sample of the entire data set and try
ead agorithm on this sib-sample. Among these three céegories,
the cdegory of model averaging draws more dtention in the
literatures. For gene expresson cbta, most works aso belong to
the caegory of model averaging. Some works include majority-
voting [3], Bayesian combination [4], weighted-voting [4] and
neural network ensembles [26].

3.MIF ALGORITHM

In this work, we proposed a meta-classficaion algorithm, cdled
Majority-voting with Impaa Fadors (MIF) agorithm, to perform
multi-type cance gene expression dbta dasdficaion. It uses
regular histograms for gene expresson levels of certain significant
genes to represent the profiles of samples. Differences between
profiles are then used to dbtain disimilarity measures and
indicaors of predictive dasss. The regular histograms are
constructed by the uniform partiti oning technique with maximum
and minimum expresson levels of the significant genes as upper
and lower bounds. It aims at estimating densities of expression
levels of significent genes in terms of relative positioning with
resped to the upper and lower bounds. For a new sample, it
compares its histograms with the histograms of individual classes
in training sets. The dasses with smaller disgmilarity measures
are set as predictive dasses for the new sample. As the same time,
the majority-voting meta-clasdfication algorithm is performed
with the new sample too. If the dedsions derived from the regular
histogram comparisons and the mgjority-voting algorithm are the
same, weighted scores corresponding to individua classes, which
are based onthe impad factors (IFs), are acumulatively adjusted
the disamilarity measures of the corresponding classes. On the
other hands, if their dedsions are different, there ae no such
weighted scores, and the dissmilarity scores are increased
acording to the results of the majority-voting algorithm. Figure 1
shows the processoverview.

Here, we describe the MIF agorithm in details. First of all,
individual regular histograms of every sample in ead classin
training sets are anstructed [12]. Suppose that there ae m
training sets represented by the vedor X=(Xi, Xs, ..., Xy), and
Xi= (%1 %20 oo Xigy Xij+1, .- Xin) be the training set i with |
norma samples and (n-) cancer samples. The expresson levels
of gene g in X; be represented by a vedor g=(&.1, €2, --- €n)s
where g represents the expresson level of g in samplej of set i
(i.e. %), and c={Normal ,Cancer} be the dassvedor such that x ;.c
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representing the dasses of samplej in set i. The dgorithm for the
regular histogram construction for training samples is shown in
figure 2.

Inputs. aligned training samples sts X, number of bins n,
number of significant genes ng

Outputs: pairs of regular histograms for al training samples sts
Hnorma @Nd Heancer, SEtS Of significant genes for al training sets G

1 variables:

2. teMpPnormal @Nd teMPeance be the temporary sets of regular
histograms for ead candidate of X;, tempg be the temp set
of significant for X;, a be the percentage of bin candidates

to betrimmed
3 for i = 1to size(X)
4. temPormal = £
5. teMPcance = f;
6. tempgg = find_sig_genes (X));
7 G = G+ tempgg;
8. for j = 1to size(X)
9. if (%;.c = Normal)
10. teMPnormar = €MPNormal + iSt_proc(x; j, Ny, tempgg);
11 else
12 teMPcance = t€MPcarce + hist_proc(; j, Ny, tempgg);
13. endif
14. end for
15 Hormal = Hormar + NOrmali ze (temporma, @)
16. Hcance = Hecance + NOrmali ze (tempcanee@);
17. endfor

Figure 2. Algorithm for calculating regular histograms for

training samples sets.
In figure 2, for ead training set X;, where X;7 {X}, significance of
genes in X; is cdculated and ranked acardingly in the function
“find_sig_genes’ at code line 6. The common and widely used
statisticd method t-test is used to rank significance of the genes
[6]. In the t-test, its d$gn is determined by the numerator.
Therefore, the t-values are positive if the mean of normal classis
larger than that of cancer classand regative if the mean of normal
classis smaler than that of cancer class Hence, taking genes
from both tails from the sorted list, including positive and
negative t-values, can asaume that the same propartions of genes
from both classes are mnsidered. Extraded significant genes sets,
G={G;, Gy, Y4, G}, where G; is the significant gene set in
training X;, are later used to construct and compare the histograms
of testing samples.

At code lines 10 and 12 in figure 2, the function “hist_proc” is
invoked to construct the regular histograms. The maximum and
minimum expresson levels among those etraded significant
genes are set as the upper and lower bounds of the histograms.
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Samples belong to the same dasses of the same training sets may
have different values for upper and lower bound. However, we
are only interested in the densities of expresson levels with
resped to sample-based maximum and minimum expresson
levels, which isin relative positioning. Therefore, if the asolute
differences of a sample between two bounds are smaller than
other samples, their global differences among significant genes
will be smaller in a similar ratio as the bounds aso. As a result,
the dfeds of the absolute differences can be eli minated.

The uniform partitioning technique is used to evenly divide the
distance between the upper and lower bounds into a required
number of bins n,. Each bin width is defined by (upper-lower)/n;,
Each data set should have | and (n-) different regular histograms
for normal and cancer samples, and all histograms $oud have n,
bins because of the uniform partitioning. For example, figure 3
shows an example. Asaume that there ae 100significant genes, ny
is 10 kins, and the upper and lower bounds are 4917 and -652. By
applying the uniform partitioning technique, ead bin width is
[4917-(-652)]/10=557 to neaest integer. Expresson levels of
identified significent genes are then mapped to different bins with
resped to their expresson levels, and the results are shown in
figure 3. At the end, the regular histogram of the ill ustrated
sample is represented by the vector of (0.11, 0.76, 0.07, 0.02,
0.01, 0, 0,0.01, 0, 0.02).

| |

. | | | | | | I
bin 0 | 1 | 2 | 3 | 4 19 ) 6 L7 8 | 9
80 | 76 | | | | | | | I
70 | | | | | | | | I
60
ot | | | | | | | | |
o0 T T T T B B
30 | | I | | | | | I
201 99 | | ; I | | | | | I
10 | | 211 1lolo 1 1ol 2
0+ |_| t t = [ — 1 t t t | —
652 95 462 1019 1576 2133 2689 3246 3803 4360 4917

Expression Levels

Figure 3. Example of regular histogram’s construction for
expresdon levels of significant genes.

After all the histograms corresponding to the same dass of the
same training sets (i.e. the for loop a code line 8) have been
computed, a% candidate bins with highest and lowest bin values
are trimmed to eliminate the effects of outliners. Remaining bins
are then acaimulated to form a representative histogram of
individual clases in the data sets. Since some eitries are
trimmed, the value of the sum of al bin vaues a the
representative  histograms can  be unbounded. It causes
inconsistent scding when comparing with other histograms. In
order to have cnsistent comparisons, normalization is dore so
that the sum of all bin values in a single representative histogram
to have the sum equalsto 1 Finally, all representative histograms
for individual training sets are added t0 Hyorma @Nd Heanee- TO USE
the same example in figure 3, the resultant vedor becmes (0.76,
0.07, 0.02, 0.01, O, 0, 0.01, 0) after 5% of candidate bins with
highest and lowest bin values are trimmed. In addition, the
normali zed vector becomes approximately (0.87, 0.09, 0.02, 0, O,
0.02, 0) in order to have sum equalsto 1.

With the computed Hyoma and Heane, COMparisons of the
histograms between training and testing samples can be
performed. Figure 4 shows the dgorithm of the cmmparisons.
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Inputs: pairs of regular histograms for al training sample sets
Hpnorma @d Heaneas Sets of significant genes for al training sets G,
testing sample s, number of bins n,

Outputs: predictive dasses by the regular histogram comparisons
Chis
variables:

1
2. Hs be the temporary variable of the regular histogram of the
testing sample

3. fori= 1tosize(Hyorma)

4, Hs = hist_proc(s, np, G);

S. if (dIS(H51 HNorrmJ, i) < diS(HS, HCance, I))
6. Chig = Chig + {Normal};

7. else

8. Chig = Chig + {Cancer};

9. end if

10. endfor

Figure 4. Algorithm for the mmparisons of regular
histogr ams between testing and training samples.

First of all, regular histogram of the testing sample s with respea
to the significant genes st G of the training sets is computed.
Then, dissmilarity measures between the testing sample and
individual clases of training sets are @wmputed, respedively.
Assume that Hy(b) be the regular histograms of the testing sample
with bin b, and He(b) is the regular histograms of the dassesin the
training sets with bin b, where c={Normal,Cance’}. Now, the
dissmilarity measures, dis, between two histograms are cdculated
as.

dis(H,,H cT {Normal,Cancer}) = é’lb:i& ﬂﬁj ¥

The second step is to compare the histogram of the testing sample
to pairs of the histograms in each training set and determine
predictive dasses of the new sample with respedive to individual
training sets in the @de segment from line 5 to line 9 in figure 4.
For ead training set, there ae two histograms corresponding to it,
one for eat class The dissmilarity measures of norma and
cancer classes are compared, and the dasses with smaller values
of the measures are set as the predictive dasses of the testing
sample, and assgned as anew element in set Cyy4. Sincethereisa
single prediction for ead training set, so there ae m elementsin
Chig for m different training sets.

At the same time, the mgjority-voting meta-clasdfication
algorithm is performed. In [8], we proposed an empiricdly-driven
model averaging method to integrate individual classficaion
dedsions to form meta-decisions. Suppose that there is a data set
D, and the data ae arisen from k possble models (i.e
combinations of classfiers and data sets), M=(My, ¥4, M ). If Dis
the quantity of interest (i.e. classification performance), then its
posterior distribution of Din dataset D is:

pr(DID) = pr(D|by...b, .D)=A (b~ pr(DIM,,D)) @

i=1

, Where b, is the quantity of pre-knowledge for model M;, and it is
defined as:
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acc(D,M,) x S,(D,M, )x S,(OM,) ©)

Qo=

acc(D, M) x S,(D, M, )x §(D, M,)

1

, Where acc(D,M;), S,(D,M;) and S,(D,M;) are the dassification
acairacy, spedficity and sensitivity of model M; with dataset D.

To perform the majority-voting algorithm, K is st to 1in equation
2. Therefore, we only consider a single model ead time, and
finaly there ae k individual dedsions for k different models.
Hence, the equation is rewritten as:

pr(DID)=pr(D| b, ,D)=4 (b~ pr(DIM,,D)) )
il K

If there ae m and k different training sets and classfiers, there
will be (m”“k) individual dedsions for the testing sample (i.e. each
model produce adedsion). For each dedsion, it is determined by
apair of D. Sincewe ae interested in predictive dasses of testing
sample s, represented as s.c, one way to make the prediction is to
compare the values of pr(s.c=Normal|D) and pr(s.c=Cancer|D),
where cf {Normal, Cancer}. If pr(s.c=Normal|D) is larger than
pr(sc=Cancea|D), asdgned predictive dasses are normal.
Otherwise, it is asdgned as cancer. In order form meta-dedsions
among individual dedsions, the majority-voting agorithm in
equation 5 asdgns predictive dasss, Cyqye, Which are the most
often predictive dasses of individual dedsions s.c;.

N _ _ argmax 9 5)
(s.c|s.c| {C"‘J‘e}) cl {NormaI,Cancer}iz(slaqzcl)

21, Cpeg = Cpreg + {Normal};
22. ese

23, Cpey = Cprey + {Cancer};
24. endif

Inputs: testing sample s, sets of significant genes for al training
sets G, number of bins ny, predictive classes by the regular
histogram comparisons Cy;g, predictive dasses by the magjority-
voting agorithm Cyqe, impact factors for normal and cancer
clases |Fnorma @Nd 1Fcance, pairs of regular histograms for all
training sample sets Hyorma @Nd Heancer, Pre-knowledge measures
corresponding to training sets b.

Outputs: meta-dedsions Cpyeq

1. variables:

2. Onormar @Nd deancer b€ the dissmilarity values to namal and

cancer classes, dace ngma aNd ace cance D€ the acaimulative
dissmil arity values to normal and cancer clases

3. fori=1tosize(Cyig)
4. if (Cuis,i = Cvote i)
5. if (Chig,i = Normal)
6. Onormal = B3 7 IFrormat, i / 1Fcancer, i " dis (hist_proc(s, ny,
Gi)ve||_|NormaJ, i) / dis (hist_proc(s, ny, G;), Hearce, i)
se
8. deance = b1~ IFcance, i / Frormal, i " dis (hist_proc(s, n,

Gi), Heance, 1) / dis (hist_proc(s, n, Gi), Horma, i);
9. endif

10. dse

11 if (CHiSl,i = Normal)

12 Onormat = B 7 1Fcancer, i / 1 Forma, i
13 else

14, deance = B " 1Fnorma, i / 1 Fcance, is
15. endif

16. endif

17. dAcc_numaI = dAcc_numaI + 1092 (dnorma);
18. dAcc_canca = dAcc_canca + 1092 (dcance);
19. endfor

20. if (dacc namal < dace cance)
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Figure 5. MIF algorithm.

Figure 5 shows the MIF (Majority-voting with Impaad Fadors)
algorithm. It is an adoption of the dedsions of the regular
histogram comparisons, impact factors and majority-voting
algorithm. In the figure, the dmmbined meta-dedsions are Cpeq. IN
the regular histogram comparisons, there ae m indvidua
dedsions snce there is a single dedsion corresponding to eat
training set. In contrast, there ae (m”k) individual dedsions from
the magjority-voting algorithm since there is a single dedsion
corresponding to ead training set together with a type of
clasdfiers. Therefore, the dedsions of the regular histogram
comparisons are compared k times with that of the majority-
voting algorithm of the same training set. | Fyorma aNd [Feancer @€
measures propaosed in [7]. They define inter-experimental
variations of a heterogeneous testing sample to namal and cancer
classes of training samples, and they are expressed as | Fygrma @d
|FCancer-

Individual dedsions of the regular histogram comparisons and the
majority-voting algorithm are compared in the code segment from
line 4 to line 16 in figure 5. If they are in the same dedsions,
equation 6 and 7 are goplied for dedsions of normal and cancer.

Anormar= B "I Fnorma il Feanceri~ dis(@, Hnormar,)/diS(@,Heancer i) (6)
, Where a=dis (hist_proc(s,n,,G;)

deance= 05" | Fancer,i /1 Frnormar,i ~ dis(@,Heancer)/dis(@,Hnormar,) — (7)
, Where a=dis (hist_proc(s,n,,G;)

For both equations, b, is the magnitude of pre-knowledge for
model M;, which is cdculated by equation 3. The fadors of
(IFei/IFe;), given that c1,c2f {Normal, Cancer} and c1c2, are
linea scding fadors which minimize variations between two
clases among different training sets. In fact, d./s, where
cf {Normal, Cance}, are measures with resped to overal gene
expresson levels in various training sets, but the ratio of gene
expresson levels between two classes in individual training sets
are varied. Hence, d.'s shoud be rescded acordingly in order to
reduce the impads of differential ratios between the two classes
among various data sets. As a result, individual dedsions are
insensiti ve to bias of either classand variations of gene expresson
levels among training sets.

For the ratio of two dfferent dis's, it weights the results of the
majority-voting agorithm by taking the similarity of shapes
between two histograms. Remind that candidate i in the set Cyig;
is defined as:

Cue, = (c1]dis(cL,s) <dis(c2,s) Ucl,c2T { Normal,Cancer} Uc1® ¢2)(8)

Hence the fador of dis(cl,s)/dis(c2,s) makes b; beacome smaller,
and thus a higher degree of similarity is contributed to meta-
dedsions becaise of similarity of the regular histograms.

In contrast, if the two dedsions are different, the fadors,
representing the similarity of the regular histogram comparisons,
are ecluded. The fadors of (IFq;/IF;) a@m a minimizing
variations between classes and hias of either class Therefore, the
factors are dso used to adjust the values of b. However, the
factors of dis(cl,s)/dis(c2,s) are weighted fadors which give
higher ranks to dedsions becaise of similarity of the regular
histograms. For the cae of different dedsions between two
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algorithms, the previous method is not appropriate. In fad, the
histograms are cnstructed by a set of significant genes, which are
seleded and extraded after the accesson numbers alignment.
Also, the significant genes are ranked in terms of their differential
gene expresson levels between two classes, which is independent
on variations of gene expresson levels among different data sets.
Therefore, it is posdble that (1) some significant genes are
omitted during the acceson rumbers alignment, and (2) seleced
and extraded significant genes, based ontraining sets, may cause
misleading results. As a result, we use another method and heve
the foll owing eguations for the case of different dedsions:

CINormal = bl . IFCanca,i/IFNormaJ,i

deance = B 7 1Fnorma, i / 1Fcancer, i

©)
(10

Finaly, cdculated dnorma @Nd deance @€ ajusted on log2 scde,
and individual results corresponding to their training sets are
added together, expressed as dace nama @Nd dace cance fOr Normal
and cancer clases. Their magnitudes are ompared, and the
clases with smaller magnitudes beame meta-dedsions of the
testing sample.

Table 1. Infor mation of data sets.

Daltg set  Cance Authors Accssi_on Norma_l sample Cancer_ sample Training dateTesting catz
type annotation size size
1 Bladder =~ Ramaswamy et al. [18] Hu35K 7 11 o]
2 Brain Pomeroy et al. [16] Hu3x 4 10 o
3 Colon Notterman et al. [14] GenBank 4 4 o
4 Lung Bhattacharjee ¢ al. [1] U95A 17 126 o o
5 Lung Ramaswamy et al. [18] Hu3x 7 8 o) o]
6 Ovary Welsh et al. [25] Hu3% 3 30 o]
7 Prostate Singh et a. [22] U95A 9 25 6] o)
8 Prostate Welsh et al. [24] U95A 50 52 o) o]
9 Prostate ~ Ramaswamy et al. [18] Hu3x 9 10 o)
10 Uterus Ramaswamy et al. [18] Hu3x 6 10 o

Table 2. Number of common genes between training and testing data sets.

Testing dhta set ID

1 2 3

5 6 7 8 9 10

7091 | 6153 | 6045

12599

7091 | 6153 | 12249 | 12599 | 12249 | 7091

13774 | 8391 | 7840

7091

137748391 | 6808 | 7091 | 6808 | 13774

Training data set ID 6808 | 59 | 5841

12249

6808 | 5949 | 12625 | 12249 | 12625 | 6808

(ool i1 &2 I E-N

7091 | 6153 | 6045

12599

7091 | 6153 | 12249 | 12599 | 12249 | 7091

Table 3. Experimental results compared wit the majority-voting meta-classfication.

'I;:t: gg Type Approach Accuracy (%) Sensitivity (%) Spedficity (%) COSIQ;: ﬁi;rsnl ng
1 Bladder Majority-voting 73.61+9.49 39.29+31.68 95.45+5.25 5+3.92
MIF algorithm 84.72+2.78 60.71+7.14 100.00+0 8.5+1
2 Brain M ajority-vpti ng 75.00+7.14 25.00+35.36 95.00+£5.77 1.5+2.38
MIF algorithm 83.93+3.57 68.75£125 90.00+£8.16 4.5+0.58
3 Colon M ajority-v_oti ng 87.50+0 75.00+0 100.00+£0 6+0
MIF algorithm 87.50+0 75.00+0 100.00+0 60
4 Lung M ajority-v_oti ng 96.50+0.81 94.12+0 96.83+0.92 28+1.15
MIF algorithm 94.76+1.21 97.06+5.88 94.44+1.71 26+1.83
5 Lung M ajority-vpti ng 75.00+£3.21 42.86+20.2 95.45+9.09 5.5£1.91
MIF algorithm 91.67+3.56 85.71+0 95.45+9.09 115+1
6 Ovary M ajority-v_oti ng 80.30+5.25 0.00+0 88.335.77 -3.5+1.73
MIF algorithm 84.85+2.47 33.33+0 90.00+£2.72 -1+0.82
7 Prostate M ajority-vpti ng 100.00+0 100.00+0 100.00+0 18
MIF algorithm 96.32+2.82 91.67+5.56 98.00+2.31 16+1.41
8 Prostate M ajority-vpti ng 63.16+11.37 33.33+39.54 90.00+14.14 5+5.72
MIF algorithm 57.11+5.85 15.50+12.58 97.12+1.11 14+12.25
9 Prostate M ajority-vpti ng 75.00+3.21 42.86+20.2 95.45+9.09 55+1.91
MIF algorithm 6842+11.37 52.78+29.22 8250+15 7.75+4.57
10 Uterus Majority-vpting 81.25¢5.1 66.67+2357 90.00+11.55 7+2
MIF algorithm 81.25+0 75.00+9.62 85.00+5.78 7.5+0.58
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4. EXPERIMETNS & DISCUSSONS

To meaure the dasdficaion performance, four measurements are
used as peformance indicaors. Classficaion acaracy,
sensitivity, spedficity and leaning cost savings are defined in
terms of true positive (TP), true negative (TN), false positive (FP)
and false negative (FN), and their definitions are [4], [13]:

- Accuracy (acc) —acc=(TP+TN)/(TP+TN+FP+FN)

- Sensitivity (S,) - S, =TP/TP+FN)

- Spedficity (S;) — S=TN/(TN+FP)

- Leaning cost savings (sav) — sav=[ (FN+TP)* 2] -(FP+2*FN)

4.1 Data sets

In order to demonstrate the robustness of the MIF agorithm, 10
different data sets, which are individually published in 8
publicaions, are experimented. They are heterogeneous sncethey
were ondwted by different laboratories with dfferent
experimental objedives, microarray platforms and human genome
arrays. Table 1 shows their information. Among all of them, two
lung cancer (Bhattacharjee and Ramaswamy) and two prostate
(Singh and Welsh) cancer data sets are abitrarily seleded as
training data sets for extension and continuity of our previous
worksin[7], and all of them are used for testing.

As dated in table 1, there ae three different acaesson numbers
annaations, and therefore aprocessof standardization is reguired.
We map the Hu35K and GenBank annotations into the U95A
annotation acording to the mapping table done by Ramaswamy
et a. [17]. In fad, the mapping is not simply one-to-one mapping.
There may be dugicaed accesion numbers in the mapped data
set. Thus, an extra pre-processng step is performed to combine
the expresson levels by averaging al expression levels of the
same acesgon numbers. After the standardization, it is required
to find out those commonly existed genes for pairs of
heterogeneous data sets and align their expresson levels. In fact,
the numbers of gene among different data sets are varied.
Unavoidably, some expresson levels are omitted becaise of
missing data in ether data set of pairs. Hence the number of
genes in aligned sets is either smaller or equals to the number of
genes in the origina data sets. Finaly, we have table 2, which
shows the number of commonly existed genes between training
andtesting data sets.

4.2 Results

In this sdion, we first compare the results of the MIF agorithm
with that of the majority-voting algorithm, and then the results are
compared with the works dore by Bloom et a. [2]. Bloom's
method is to perform multi-platform and multi-site microarray-
based tumor meta-classificaion, and they used the measurement
of classificaion acaracy as performance indicaor. For
parameters sttings, the numbers of required hins n,, and
significant genes ng, are set as 25 and 100. In addition, a%, which
is the percentage of candidate bins to be trimmed, is st to 10%
for adhieving the optima performance after some empirica
studies. For clasgfiers training scheme, 70% of samples in ead
training data sets are seledion for individua training at random,
and al samples in testing data sets are used for performance
measurements. In order to estimate the standard deviation d the
performance, each training set is trained 100 times with dfferent
training candidates sleded randomly.
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In table 3, it shows that the MIF agorithm outperforms the
majority-voting algorithm in terms of classficaion acaracy,
sengitivity, spedficity and cost of leaning savings. Except for the
cases of prostate cancer, the MIF algorithm achieves around 8346
of accuracy, 65% of senstivity, 90% of spedficity and
comparatively higher savings onleaning cost.

For the dassficaion acairracy, the data sets of lung cancer have
the highest performance, but all cases of prostate cancer have littl e
performance reduction. For lung cancer, the acarragy is higher
than 90% for both cases (i.e. Bhattacharjee ad Ramaswamy).
Although there is 2% reduction for the data set Bhattacharjee, the
acalracy for the data set Ramaswamy is increased from 75% to
91%. However, al data sets of prostate cancer have different
degrees of performance degradation. There ae reductions of 7%,
6% and P for the acaracy of the data set Singh, Welsh and
Ramaswamy. In addition, it shows that two of them, which are
Welsh and Ramaswamy, perform worse than ather cases not only
with the majority-voting agorithm, but also with the MIF
algorithm. They only achieve aound 60% for the acaracy, which
is 20% lower than the average cases. For other cancer types,
including bladder, brain, colon, and uterus, their average accuracy
is around 8%%. For the standard deviations of the acaracy, the
MIF agorithm adchieves gnaller standard deviations for most
cases. For the cancer types of bladder, brain, ovary and uerus
cances, the improvement is more than 50%. For the cancer types
of lung and prostate cacers, the significanceresults are varied.

For the dasdfication senstivity and spedficity, the MIF
algorithm can have better balanced recdl rates between namal
and cancer samples, except for the caes of prostate cancer.
Clasdfication algorithms soud have similar recall rates for
samples in both classes so that the algorithms are unhiased to
either class Euclidean distance of sensitivity, S,, and spedficity,
S, can be used to show the balance of recdl rates between
samplesin two classs, and the distanceis:

Euclidean§,, S,)=4/S,* +S,’ (11)

In table 4, it shows that the MIF agorithm outperforms the
majority-voting algorithm for 6 cases (i.e. 1, 2, 5, 6, 8 and 10) and
maintains the same performance for 2 cases (i.e. 2 and 3). Similar
to the measurement of clasdfication acaracy, the data sets of
prostate cancer do nd have impresdve results. Testing set 7 and 9
show performance degradation (i.e. the majority-voting algorithm
outperforms the MIF algorithm.).

Table 4. Balanced recall rates between normal and
cancer sample.
Testingset ID  Type  Majority-voting MIF algorithm

1 Bladder 1.03 1.17
2 Brain 0.98 1.13
3 Colon 1.25 1.25
4 Lung 1.35 1.35
5 Lung 1.05 1.28
6 Ovary 0.88 0.96
7 Prostate 1.41 1.34
8 Prostate 0.96 0.98
9 Prostate 1.05 0.98
10 Uterus 1.12 1.13

In addition, we have dso compared ou results with bloom's
results in [2]. In table 5, it shows that the MIF agorithm
outperforms Bloom's works for bladder and uerus cancers, and
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maintains the same performance for lung cancer. However, there
is performancereduction for prostate cancer.

Table 5. Comparison of resultswith other works.
Testing set ID Type Clasdfi cation accuracy (%)

Bloom's results  our results
1 Bladder 77 84
5 Lung 91 91
9 Prostate 94 68
10 Uterus 74 81

4.3 Cancer/testis (CT) immunogenic gene
famili es

Cancer/testis (CT) immunagenic gene families are subsets of
genes, which are ammmonly existed in various cancer types. Some
works show that most CT immunogenic gene families are
expresed in more than ore cacer types, but with various
expresson frequencies. In [20], Scanlan et a. have reviewed the
expresson frequencies of them in numerous cance types
consisting of bladder, brain, breast, colon, gastric, and etc. It
shows that lung and melanoma cacers contain a higher
percentage of CT genes examined at expresson frequencies
greder than 20%. In contrast, prostate and krain cancers have a
relatively lower percentage of the CT genes examined at the same
frequencies.

Table 6. Comparisons of the ancer/testis (CT)
immunogenic gene familiesin various cancer types.

Cancer type

Bla |Bra|Col | Lun |Oval|Pro

No. of included lowly-expressed
CT genes with alow expression | 17 | 5 [12| 29 |11 |11
frequency, <=20%

No o included CT highly-
expresed genes with a high |11 |4 |3 | 17 |7 | 6
expresson frequency, > 20%

Proportions  of  commonly
existed highly-expressed genes |7/11|3/4 |2/3 |29/29|5/7 | 2/6
to lung cancer

Proportions of  commonly
existed highly-expressed genes |4/11|1/4 |1/3 | 2/29 | 2/7 | 6/6
to prostate cancer

# Abbrevations: Bla, bladder; Bra, brain; Col, colon; Lun, lung;
Ova, ovary; Pro, prostate.

In ou studies, we have analyzed how the proportions of shared
highly-expressed CT genes between training and testing samples
play a vital role in metaclassficaion performance of
heterogeneous data. We investigated how the number of included
lowly- and Hghly-expressed CT genes is varied with the
clasgfication performance Table 6 shows the number of included
lowly- and highly-expressed CT genes in various cancer types.
Lung cance has the highest proportions of both types of CT
genes, and lrain cancer has the lowest one. However, in [20], it
has mentioned that the studies of brain cancer to the CT genes are
insufficient in this moment. Therefore, brain cancer is exceptiona
and hence prostate and ovary cancers belong to the same family of
having small proportions of both types of CT genes.

From our experiments, the data sets of prostate cancer only
adhieve dasdfication acarracy of 75% in average, but the data set
of ovary cancer can achieve 84% insteal. Hence it may be
deduced that thereis no dred and linea relationship between the
number of included lowly- and highly-expressed CT genes and
the dasdficaion performance

Further, we have investigated how the number of shared highly-
expreseed CT genes between training and testing samples is in
relation to the dassdficaion performance In table 6, the last two
rows dow the proportions of the highly-expressed CT genes
between the crrespondng samples, and bdh lung and postate
cances, respedively. If we mnsider the proportions together with
the arresponding clasdficaion performance, we will have figure
6. In the figure, the dasdfication performance has the same
increasing and deaeasing trends as the proportions of the CT
genes to lung cancer, but reversed trends for the proportions to
prostate cancer, except for the cae of brain cancer.

Together with figure 6 and table 6, we can seethat the propartions
of shared highly-expressed CT genes between training and testing
samples has impads on clasdgfication performance, and the data
sets of lung cance have dominated roles at meta-dedsions
becaise of higher proportions of shared highly-expressed CT
genes between training and testing samples. In the figure, lung
cancer always has higher propartions of shared highly-expressed
CT genes with ather cancer types, except for the prostate cancer.
The dasdficdion acarracy is higher than 80% in average.
However, the dasdficaion acairacy for prostate cancer has been
dropped significantly. It may be evidence to show that the
deaease of the performance for prostate cancer is caused by lack
of shared highly-expressed CT genes between training and testing

= % of shared highly-expressed CT genesto lung cancer
% of shared highly-expressed CT genes prostate cancer
classfication performance

100% /\
75% — TN
0 / > \
OQ 50% v
25%
0%

Bladder Brain Colon

Cancer type

Lung Ovary Prostate

Figure 6. Relationship between shared highly-expressed CT genes and classification performance
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samples. Also, it is observed that the highly-expressed CT genes
of prostate cancer in training samples are compromised with the
ladk of the genes between lung and prostate cancers. The possble
explanation is that the number of included lowly- and Hghly-
expresed CT genes in various cancer types. The fact is that the
number of both included lowly- and hghly-expressed CT genesto
lung cancer is amost 3 times higher than that of prostate cacer,
causing that data sets of lung cancer may have higher weights at
meta-dedsions. In addition, in figure 6, the deaeasing rate of the
performance for prostate cancer islessthan that of the proportions
of shared highly-expressed CT genes to lung cancer because of
the incresse of shared CT genes in prostate cancer (i.e. the
ordinary type).

5. CONCLUSIONS

With the innovation d DNA microarray tecdhndogies, different
mining algorithms have been proposed to discover knowledge in
cance gene epresson data. Significant findings are recently
exploited. However, most works are done with asingle data set. In
terms of efficiency and effediveness of mining algorithms with
resped to clinicd applicability and robustness it is too weak to
draw conclusions becaise of the problems of over-fitting and
homogeneity within asingle data set.

In this work, we proposed the MIF agorithm to perform multi-
type cacer gene epression dbta dasdfication, which uses
differences of regular histograms for gene expresson levels of
certain significant genes as parts of dissmilarity measures and
indicators of predictive dasses. In the experiments, we have
intensively used 10 different data sets to show the reliability and
robustness of the MIF algorithm. The results are impressve. The
classficaion acairracy is around 85% in average for most cases,
except for the data sets of prostate cancer.

To investigate the frustrated performance for prostate cancer, we
have looked into the cancer/testis (CT) immunagenic gene
famili es. We have discovered that the numbers of shared highly-
expres=d (i.e. expression frequencies > 20%) CT genes between
training and testing samples have impads on the dassfication
performance of heterogeneous smples.
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ABSTRACT

Unsupervised identification of patterns in microarray data has
been a productive gproach to uncovering relationships between
genes and the biologicd process in which they are involved.
Traditional model-based clustering approadches as well as me
recantly developed model-based mining approaches for
integrating genomic and functiona genomic data rely on ore's
ability to determine the crred number of clusters or modues in
the data. In this paper we demonstrate that the performance of
such methods in general can be significantly improved by
acourting for uncertainties inherent to the process of identifying
the optimal number of clusters in the data. We demonstrate that
the Bayesian averaging approach to clustering via infinite mixture
model offers a more robust performance than the traditiona finite
mixture model in which the optimal number of clusters is
determined using the Bayesian Information Criterion. This
performance improvement is demonstrated through a simulation
study and by the analysis of arelatively large microarray dataset.
Finally, we describe the novel heuristic modification o the Gibbs
sampler used to fit the infinite mixture mode that effedively deals
with isaues of low mixing.

Keywords

Guides, instructions, authors kit, conference pulications.

1INTRODUCTION

Unsupervised identification of patterns in microarray data has
been a productive gproac to uncovering relationships between
genes and the biologicd process in which they are involved.
Conceptually, unsupervised learning from microarray data can be
dore by identifying genes with similar expresson petterns aaoss
different experimental condtions, identifying goups of
experimental condtions or biologicd samples with similar
expresson pofiles, or the two dmensiond clustering that
simultaneously clusters genes and Hologicd samples. In this
paper we will be talking mostly about identifying groups of genes
with similar expresson petterns (profiles) aaoss different
biologicd samples. Groups of such genes are said to be -
expresed and they define patterns of expresson. The utility of
identifying such groups of co-expreseed genes is in the
asaumption that the @-expresson is a refledion d a shared
regulatory mechanism driving similarities of expression profiles.
Consequently, such groups of genes can be used as a starting point
for diseding expresson regulatory mechanisms [23], or
functional annotation by assuming that functionally-related genes
are most likely to be m-regulated [5].

Clustering methods used for unsupervised identificaion d co-
expresed genes can be loosely grouped into heuristic methods
based on various distance measures, and model-based methods
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which are based onthe probabilistic model of the data generation
process Given a distance measure, various heuristic methods
proceal to organize gene epresson pofiles in a hierarchicd
fashion [3] or by partitioning them into a pre-spedfied number of
clusters of co-expressed genes (e.g. K-means algorithm and Self-
organizing maps).

In a model-based approach to clustering, the probability
distribution of the observed data is approximated by a
probabili stic model. Parametersin such amodel define dusters of
similar observations and a duster analysis is performed by
estimating these parameters from the data. The Finite Mixture
(FM) model is the most common model-based approach to
clustering [11]. In the context of microarray data, the FM model
was introduced by [24]. In this approach, similar individua
profiles are a&umed to have been generated by a @mmon
underlying “pattern” represented by a multivariate Gaussan
randan variable. Given the @rred number of mixture
comporents (clusters) one can use an EM algorithm to estimate
parameters of this model and then use the parameter estimates to
asdgn individua profiles to appropriate dusters. Recently,
various generdli zations of the Bayesian mixture gproadc in terms
of sophisticated Bayesian probabili stic models have been used to
integrate various pieces of additional information in the processof
identifying co-expressed genes [21;22], and to identify “modues’
of co-regulated genes through the integrated modeling of
combinatorial regulation mechanisms and gene expressons via
context-spedfic Bayesian networks [19].

The ommon denominator of the éove-mentioned model-based
methodks is that they rely on the prior spedficaion d the number
of clustersin the data or on one's ability to determine the orred
number of clusters from the data. When the mrred number of
clusters is determined in the data analysis (e.g. by calculating
Bayesian Information Criterion — BIC for models with dfferent
number of clusters), uncetainties related to its sledion are
generdly not taken into acmurt in the subsequent analysis.
Previously we described the Bayesian Infinite Mixture (IM)
model for the dustering of gene expresson profiles [12] which
effedively circumvents the problem of identifying the “corred”
number of clusters. In our approach, the clusters are formed based
on the posterior distribution of clusterings, which is generated by
a Gibbs smpler. The dusterings generated by the Gibbs sampler
can vary from one ¢scle to the next. Consequently, paosterior
probabili ties with various feaures of the posterior distribution of
clusterings are obtained after averaging over models with all
possble number of clusters.

In this paper we describe anew simulated anneding-motivated
algorithm for sampling from the posterior distribution o
clusterings that effedively solves the severe mixing problem
exhibited by Gibbs sampler in high-dimensional situations. More
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importantly, we demonstrate dramatic positive effeds that
Bayesian averaging can have on dscovering patterns in
microarray data through bah a simulation study and the analysis
of a relevant red-world microarray dataset. These results are
likely to bea on further development of model-based
unsupervised leaning methods that rely on either the spedfication
of the corred number of clusters or its estimation from the data.

2.FINITE AND INFINITE MIXTURES
MODEL BASED CLUSTERING FOR
MICROARRAY DATA

Suppose that T gene expresson profiles were observed acdoss M
experimental condtions. If y; represents the expresson
measurement for the i gene under j™ experimental condition then
Vi=(Yin.Yiz....Yim) represents the expresgon profile for the i™ gene.
In a mixture model, eat gene epresson pofile is viewed as
being generated by one out of Q different underlying expresson
patterns. Expresson profiles generated by the same pattern form
a duster of similar expresson pofiles. If ¢ is the dassfication
variable indicaing the pattern that generates the i mean
expresdon profile (ci=q means that the i expression profile was

| Fiaure 1: Bavesian mixture model |
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generated by the " pattern), then a 2dustering® is defined by a
set of clasdficaion variables for al genes C=(c;, Cy,..., Cr).
Underlying patterns generating clusters of expresson profiles are
represented by multivariate Gausdan randam variables. Profiles
clustering together are assuumed to be arandom sample from the
same multi variate Gausdgan distribution.

The hierarchicd structure of the model is described in terms of a
Direded Acyclic Network in Figure 1. Nodes (sguares) in this
diagram represent randam variables and direded arcs (arrows)
spedfy condtional dependences between variablesin terms of the
direded Markov property, which states that a variable is
condtionally independent of its non-descendants given its parents
in the model. M =(m,%, my,) and 8=(s,? %, sq’l) dencte means
and variance-covariance matrices of multivariate Gausdan
randam variables defining Q underlying patterns respedively (I
denates the identity matrix). Variables (R, t), (b,f), and a are
hyper-parameters in prior distributions of model parameters M, 8
and C respedively. In the cae of an FM model, the number of
mixture comporents (Q) is considered fixed, while the IM model
represents the limiting case when Q® ¥. Detalls of the
development of IM models and their relationship to mixtures with
a Dirichlet processprior [4] are described elsewhere [15;17]. We
have previously described Bayesian versions of both finite and
infinite mixtures and corresponding Gibbs smplers [12;14]. In
this paper, finite mixtures model were treated from a frequentist
perspedive and estimated using the EM algorithm as implemented
in the MCLUST software [6]. The Gibbs sampler for estimating
the posterior distribution o clusterings in the IM modd is
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described below. The spedficaion o the prior distribution for
classficaion variables (C) determines whether the model
represents finite or infinite mixtures.

2.1Gibbs Sampler

Gibbs sampler [7] is a genera procedure for sampling
observations from a multivariate distribution. A Gibbs smpler
proceals by iteratively drawing observations from complete
posterior conditional distributions of al comporents. As the
number of iterations approaches infinity, such a sequence
describes observations from the joint multivariate distribution. In
our case, we use the Gibbs ssmpler to estimate the joint posterior
distribution of all parametersin ou hierarchicd model, given the
data. We then use the marginal posterior distribution of
clusterings to cdculate posterior pairwise probabilities of
coexpresson (PPPC) for all pairs of expresson profiles. Suppose
that the sequence of clusterings (CB, CB*114, C®) was generated
by the Gibbs ssmpler after B %urn-in® ¢ycles. The pair-wise
probabili ties for two genesto be generated by the same pattern are
estimated as:

_ #of samplesafter” burn-in" for whichc; =c;

' S-B '
Using these probabilities as a similarity measure, clusters of
similar expresson pofiles are aeded using a traditional
aggomerative hierarchicd clustering with similarities between
groups of profiles being defined using the complete linkage.
Complete descriptions of the posterior conditional distributions
used by the Gibbs smpler can be foundin [12], with the slight
modification d using an independent, equal variance, covariance
structure while in the original model we used the different
variance dli ptica model.

2.2Convergenceof the Gibbs sampler

Two aspeds of the Gibbs sampler convergencethat generally
need to be asesxd are the appropriateness of the burn-in®
period, after which a Gibbs sampler has attained its stationary
distribution, and the mixing of the sampler, which describes how
well a finite sample obtained by Gibbs saampler approximates the
target distribution. It has generally been well documented that the
simple Gibbs sampler often has very poa mixing properties in
both FM and IM models [2;14], probably due to the multi-
modality of the posterior distribution. In such a situation, the
sampler will be unable to describe the whole posterior distribution
in a omputationally feasible number of steps. The sampler will
get trapped in a sub-optimal mode of the posterior distribution
resulting in sub-optimal clustering results; or, becaise the sampler
fails to visit al areas with significant posterior probabilities,
confidence etimates in the generated clustering will be biased.
Previously, we described a heuristic dgorithm for #heaing up®
the Markov chain described by the Gibbs smpler by using
Freverse aneding.’ The optimal anneding schedule was chaosen
based onrunning a significant number of independent chains with
different maximum anneding constants. Here we describe anew
heuristic dgorithm that adjusts the amneding exponent
dynamically. Consequently, only a single run is neealed to
estimate the paosterior distribution.

If p(.) is the target posterior distribution, ¥everse annedin g°
refers to #lattening® of the posterior distribution using the
(x) (X) - pX(X)

transformation p K00
X

, X<1, where K(x) is the
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normalizing constant. Based onthis general idea if p(ci=j|C., Q)
is the condtional posterior probability of pladng the i" profile
into the | cluster then ¥lattened probabili ties® are defined as
_ «) _ P(c =jlIC,;, Q)" <
p(c =J1C;.Q) K00 , X <1.

Since the mixing problem with the Gibbs ssmpler for the IM
model can be particularly pronounced in its inability to generate
new clusters, we keep tradk of the posterior probability of pladng
a profile in a new cluster. If this probability pney is below the
given threshold pyin, we deaease x by the value Xge. If Praw IS
above pyin, We increase X by Xgep. Posshble values of x are further
constrained by the requirement that O<Xpin<X<XmaxEl. Our
modified Gibbs sampler now proceals by generating neq samples
from the unmodified condtiona pasteriors (cold cycles). It then
generates a single sample using %heaed® dasdficaion
probabili ties (heaed cycle). The pn, from the heded cycle is
used to increase or deaease the value of X by Xge,. However, only
the sample from the last cold cycle (ny g cycles after the heaed
cycle) is used in the estimation d the posterior distribution of
clusterings. In our simulations, we used Ny¢=5, Xmin=0.1, Xma=1,
Prev=0.01 and pge,=0.1. Due to the high computational complexity
in the analysis of the cancer data, we used n=3.

2.3Finite mixture model and EM algorithm

We used the MCLUST package's EMclust procedure to fit
finite mixture models to ou simulated and red-world data sets.
The optimal number of clusters was ®lected by cdculating the
Bayesian Information Criterion (BIC) [18] for models for
different number of clusters. The only model used in this gudy
was the egual variance independent, sphericd shape (EII)

8
P =a p(c =k)p(c; =k),

where p(ci=K) is the posterior probability of the profile i being
generated by comporent k.

3.SIMULATION STUDY

First, we assessd the importance of Bayesian model-averaging in
a simulation study. The study was designed to assss the
performance of both FM and IM models in the frequentist sense.
That is, we ases=®d the power of the two clustering methods to
separate two dfferent clusters in repeded experiments. We
simulated 100 datasets ead representing the dustering structure
depicted in Figure 2. The hea map represents the values of the
mean vectors for mixture components generating ead profile.
Red represents the value of 1 and the bladk represents the value of
0. For example, in eat dataset, profile 31° was randamly drawn
from the 15-dimensional Gausdan random distribution whaose
mean vector isequal to 1in first 5 dmensions (e;,%,e ) and 0in
other 10 dmensions (es,Y4€15). The @variance matrix s? was
used so that the data is compatible with our model assumptions.
Data was smulated for s c. This range dlowed us to asessthe
performance of the two approadches in easy and progressvely
more difficult (i.e. noisier) situations.

3.1Results

Both methods performed very well in separating two larger
and most divergent clusters (Cluster2 and Cluster4) under the
condtions of our simulation study. Therefore, we ae focusing on
the more difficult task of separating clusters 1 and 2 Profilesfrom
these two clusters differ only within firss 5 dmensions

ead dataset.

Figure 2: Hea map of the dustering structure for the simulated data. Total of
20 15dimensional profiles belonging to 4 unbalanced clusters are generated in

El E2 E3 E4 ES E6 E7 EB E9 EI0E11EI12EI13EI4E1S

—

covariance model [6]. The EMclust procedure fits the finite
mixture model by first performing an appropriate model-based
hierarchicd clustering (in the cae of the Ell model this amourts
to the Ward's clustering algorithm). Resulting parameters are used
as a starting point for the EM agorithm. Given the maximum
likelihood estimates of the modd parameters, profiles are
asdgned to clusters based on the posterior probabilities being
generated by different mixtures comporents and the Maximum A
Posteriory (MAP) hypothesis. To compare the performance of the
FM model to the IM model, we also cdculate FM model based
PPFC's as
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(®experiments?®) and Clusterl is defi ned by only two profiles. The
major question we ae asking is how often can we exped the two
clusters to be separated. We ae as®ssing this question by
observing the distribution d PPRC's for the two profiles in
Clusterl in relation to PPRC's between profiles in Clusterl and
Cluster2. In a sense we ae asessing the aility of our clustering
methods to corredly conclude that profiles in Clusterl are
different from profiles with Cluster2. However, unlike traditional
statisticd hypothesis testing procedures, we do nd supply the
labelsfor profiles that we ae comparing.
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Results of this smulation study support our thesis that FM
model-based clustering in which the number of clustersis chosen

and pofile 2 from Clusterl do not belong in the same duster if
p(ci=¢))<X. The true pasitive rate (TPR) is the proportion of times

Figure 3: Histograms of PRPC's for pairs of profiles belonging to the same duster (Within Cluster) and pairs of
profiles belonging to different clusters (Between Cluster) in 100 simulated datasets for 6 different noise levels.
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by the BIC criterion suffers because of its inability to incorporate
in the results of the analysis the uncertainty inherent in the process
of determining the number of clusters. Histograms in Figure 3
show the dver-confidence® of the FM -based PPRC's which is
typicd of a statisticd analysis that fails to take into acourt al
sources of uncertainty (i.e variability). The majority of the
PPFC's generated by the FM model are dustered around Oand 1
indicaing the high confidence in the separation or non-separation
in al situations, even when they are wrong. For example, for the
highest noise level, close to 70% of between cluster PPRC's are
greder than 0.9 indicaing high confidencein the false onclusion
that these profiles belong to the same duster. On the other hand,
PPRC's em to be more reflective of the level of evidence for
separating the two clusters present in the data. While the level of
confidence in the separation is being reduced as we move from
the low-noise to high-noise data, the fraction o PPPC's offering a
high confidence in the false @mnclusion remains low even in the
noisiest situation.

We ca further drive the analogy with traditional statisticad
hypothesis testing procedures by constructing Recever Operating
Charaderistic (ROC) curves that assssthe aility of a dustering
method to corredly separate profiles from different clusters. We
are again focusing of ability to separate profiles in Clusterl from
profiles in Cluster2. For afixed cut-off point X, we consider that
the dustering procedure is corredly concluding that a profile i
from Clusterl does not belong to Cluster2 if
max{ p(ci=¢; for al profiles j from Cluster2} <X. We wnsider that
the dustering procedure is incorredly concluding that profile 1
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that a rred dedsion is made and the false paositive rate (FPR) is
the proportion of times that an incorred dedsion is made. As the
cut-off X is increased from 0 to 1, both TPR and the FPR will
increase. The aea under the arve relating the TPR and FPR as X
is increased from O to 1 describes the dficiency of a dtatisticd
procedure with the random dedsion-making having an area of 0.5
whiletheided statisticd procedure would have an areaequal to 1
ROC's for the FM and IM models for different noise levels are
given in Figure 4. It seams that for ead, except the lowest noise
level, the IM model significantly outperformsthe FM procedure.

4 CANCER DATA ANALYSIS

Whil e the simulation study seems to indicate the importance
of model averaging in the model-based cluster analysis, the
question remains whether these alvantages make any difference
in the ontext of analyzing red-world data. Demonstrating
advantages of one dustering method over another in the cntext
of red-world data is complicated by the uncertainties related to
the 2orrea® dustering which is generally not known. To address
this question we reproduced the analysis described by [10]. They
demonstrated hov human cancer databases of microarray data
coud be used to study a molealar medchanism of cancer
induction. In their study, they first identified 21 cyclin D1 target
genes in in-vitro laboratory experiments. They followed up with
an investigation d the relationship between CD1 and these 21
genes in a cancer gene expresson chtabase [16]. The statisticd
significance of that asociation in the cancer data was established
by showing that the distribution of Euclidian distances between
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expresson pofiles of these gene axd CD1 were higher then
expeded by chance (p-value=0.048 wsing a resampling version o
the Kolomogorov-Smirnov test). The conclusion was that the in-
vitro signature of the CD1 overexpresson is preserved in primary
human tumors. We dustered the cancer expresson dhta using the
Euclidian distance, IM and FM models with the optimal number
of clusters (56), eleded by the BIC as described before (Figure 5).
Based on results of these duster analyses, two important points
can be made: (1) just by a visua inspedion d hea maps, it is
apparent that model-based clustering approaches (both FM and
IM) creaed @deaner® groupings of genes with similar expression
patterns than the Euclidian distance-based hierarchicd clustering
procedure. (2) the over-confidence of the FM model, noted in the
analysis of the simulated deta, is evident in this analysis as well.
The mnsequence of such an over-confidenceisthat the FM model
identifies only 2 of the 21 genes of interest to be significantly

5.DISCUSS ON

In this paper we demonstrated the utility of Bayesian model
averaging in model-based clustering of microarray data in a
simulation study and as it is applied to answer a relevant
biologicd question wsing arelatively large microarray dataset. We
demonstrated that the performance of the traditional finite mixture
clustering approach in which the optimal number of clusters is
chosen wsing the BIC suffers from over-confidence in false
conclusions probably due its inability to acount for uncertainties
related to the dwice of the right number of clusters. The
significantly better performance of the eguivalent IM model in
both the simulation study and the analysis of the real-world datais
most likely due to its ability to estimated the posterior distribution
of clusterings by effedively averaging over models with all
posshble number of clusters. The mnsistency and the predsion of
the results obtained by the IM approach aso suggest that our

Fiaure 4: ROC curves describina the ailitv of the two models to sepnarate the Cluster1 from Cluster2. |
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asociated with CD1. On the other hand, the IM model identifies 7
of them.

The distribution o the Euclidian distances also seems to suggest
that only the assciations between CD1 and three of the 21 genes
of interest are @ove the experimental noise. In the mntext of the
Kolmogorov-Smirnov  (KS) analysis of Euclidian distances
(Figure 3A in Lamb et al. 2003, there ae indicaions that acually
7 to 10 of the 21 genes are contributing to the significance of the
asociation. However, the datisticd significance of this
observation is imposgble to asesswithin their framework. These
results suggest that the IM model is cgpable of identifying most
biologicdly meaningful relationshipsin the data by integrating the
power of the model-based approach to pul information from the
whole dataset while accourting for the uncertainty introduced by
not knowing the number of clustersin the data.
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heuristic modificaion d the Gibbs sampler effedively aleviates
the problem of slow mixing.

We have previously demonstrated the advantages of using
model-based clustering approaches over the traditional distance-
based heuristic dgorithms [14;25]. Model-based methods all ow
for the predse treament of the statisticd charaderistics of the
data under investigation, such as replicaed observations.
Furthermore, when compared to traditiona distance measure-
based hierarchicd clustering algorithms, they are more efficient in
using the information from the whole datasets instead of using
two vedors of observations at a time. This advantage has been
nicdy demonstrated in ou analysis of cancer data in Figure 5 as
well. Additionally, when compared to partitioning heuristic
algorithms, such as the K-mean algorithm and the SOM's, they
alow for estimation d the number of clusters by assessng the
relative fit of models with different numbers of clusters.
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Recently introduced generalizations of the traditional mixture
models, based on the mntext-spedfic Bayesian networks [20],
dlow for identifying more complex relationships between

solution for this problem could be the alaptation of the IM
paradigm for such complex models. Another possble solution
could go aong the line of averaging results obtained by fitting

Figure 5: A) Cluster analysis based on the Euclidian distances (left), IM model PPFC's (midde), and FM
model PPPC's (right). B) Histograms of corresponding simil arity measures for al genes with CD1. Circles
renresent the simil aritv measures for the 21 cenes identified in the laboratorv experiments.
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different genes as well as incorporating other types of the data in
the analysis [21;22]. In this resped, our analysis grongly suggests
that the general pradice of fixing the number of clusters,
comporents, or modues in terms of [19], before fitting
appropriate models might need some modificaions. One passble
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00 01 02 03 04 05

models with dfferent number of comporents in a post-hoc
analysis.

It is important to ndice that the uncertainties in the process
of identifying the mrred number of clusters are not necessarily
the only source of uncertainties that are not taken into acount by
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the traditional FM approacd. In high-dimensiona situations, such
as the cancea data analyzed in this paper, the log-likelihood
maximized by the EM agorithm is amost certainly multi-modal
and wsing any kind d strategy for choasing the ®ptimal® starting
position will not guarantee that the solution will be globally
optimal. Since the BIC cdculation is based on results of the EM
algorithm, these types of computationa inadequades will
contribute to the overall uncertainty in the seledion o the
doptimal® number of clusters. Furthermore, such computa tional
problems can result in sub-optimal clustering gven the ®ptimal®
number of cluster. Using different variants of the EM algorithm
designed to aleviate this problem [13] can sometimes help, but
the @nvergence to the globally optimal solution is gill never
guaranteed. In this resped, a properly mixing Gibbs smpler can
offer another advantage due to its ahility to describe the whole
posterior distribution instead of seaching for the highest mode of
the likelihood function. We performed a limited evaluation d the
convergence properties of the overall estimation approach (data
not shown) and determined that EM convergence isues were
probably not a fador in our simulation study due to the relatively
simple dustering structure, but they were likely an additional
source of uncertainty in the analysis of the cancer data.

The purpase of our analysis was not to dsparage the BIC as the
criterion for choosing the right number of clusters, but rather to
demonstrate the problem of the whale gproacd in which the right
model is chosen based ona preliminary analysis of the data, and
where the uncertainties inherent in this processare not propagated
into the final estimates of uncertainties about conclusions made
based on the whole analysis process Empiricd studies have
shown that the aiterion works quite well i n identifying the corred
number of mixture cmporents [1]. On the other hand some
recet evaluations dowed that an aternative gproach of
statisticd hypothesis testing-based determination d the number of
clusters [8] is more robust with resped to the deviation from the
asumption o the models for individua mixture comporents.
Unfortunately, these evaluations were made asauming only the
simplest pasgble model for the calculation d the BIC, asimplied
by the K-means algorithm. It remains unclea if these alvantages
persist after using the complete FM approach for choosing the
right covariance structure & well as the right number of clusters
as proposed by the authors of MCLUST [6], or in the situation
when the basic covariance structure implied by the K-means
algorithm is corred, as was the cae in ou simulation study.
Altogether, the BIC approach remains one of the dominant criteria
for choosing models in statisticd pradice and it is not clea that
any dternative method for choosing the right number of clusters
will significantly improve the overall FM performance On the
other hand, we showed that the IM model offers an elegant way
around the issue of seleding the right number of clusters in the
context of model-based clustering.

Finally, although our heuristic Gibbs sampler modification hes
been performing very well in al situations we encourtered so far,
it isnot clea how closely does the modified sampler approximate
the posterior distribution defined by the IM modd. This is
problematic since some of the nice onceptua feaures of the
Bayesian IM framework depend on teing able to sample from the
true posterior distribution defined by the model. For example, the
meaning of the posterior pairwise probabiliti es is not clea unless
we can claim that they are derived from the hierarchicd statistical
model in Figure 1. We ca still use them as a high-quality
distance measure, but their direct probabilistic interpretation is
lost. Some work has been done on developing alternative MCMC
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methods for fitting conjugate infinite mixture models [9].
However, to the best of our knowledge, dternative MCMC
samplers for non-conjugate models, such as the model described
here, have not yet been developed.
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ABSTRACT

Machine learning approaches are frequently used to solve
name ertity (NE) recognition (NER). In this paper we pro-
posea hybrid method that usesmaximum entropy (ME) as
the underlying machine learning method incorporated with

dictionary-based and rule-basedmethods for post-processing.

Simply using ME for NER, inaccurate boundary detection
of NEs and misclassi cation may occur. Some NEs are
partially recognized by ME. In the post-processing stage,
we use dictionary-based and rule-based methods to extend
boundary of partially recognizedNEs and to adjust classi -
cation. WeuseGENIA corpus 3.01to conduct 10-fold cross-
veri cation experiments. To evaluate the performance, we
consider the longest NE annotations. We evaluate our ap-
proach using standard precision (P), recall (R), and F-score,
where F-score is de ned as 2PR/(P+R). The precision, re-
call and F-score ([P, R, F]) of our ME module for overall
23 categories is [0.512, 0.538, 0.525], and after the post-
processingthe performance becomes[0.729, 0.711, 0.72] for
[P, R, F]. For protein, DNA and RNA classes,our method
achieves [P, R, F] of [0.77, 0.80, 0.785], [0.653, 0.748, 0.7],
and [0.716, 0.788, 0.752], respectively. The post-processing
stage signi cantly improves the performance of our ME-
based NER module.

1. INTRODUCTION

The amount of biomedical literature available on the Web
is rapidly increasing. There is a pressing need for biomed-
ical information extraction. To extract useful information

from natural languagetext, we must rst recognizebiomed-
ical named entities in the text. In fact, named entity (NE)

recognition (NER) is a fundamental researd topic in natural

language processing(NLP), which involvesentity identi ¢ a-
tion and classi cation.

Unlik e NER in the newswire domain, NER in the biomedi-
cal domain remains a perplexing challenge. Biomedical NEs
in general do not follow any nomenclature, and can be com-
prised of long compound words or short abbreviations. Some
even contain various symbols or spelling variations. In sum-
mary, diculties of NER in the biomedical domain are as
follows:

(1) Unknown word identi cation:
Unknown words can be acronyms, abbreviations, or
words containing hyphens, digits, letters, and Greek
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letters. Examples of NEs with unknown words in-
clude: alpha B1, GM-CSF, Adenyly cyclase 76E, and
4'-mycarosyl isovaleryl-CoA transferase

(2) Named entit y boundary identi cation:

The boundary of an NE can be a regular English word,
unknown word, Roman numeral, or digit. For exam-
ple, MHC Class II, latent membrane protein 1, NF-
kappaB consensussite, cyclin-like UDG gene product
all have dierent types of boundaries. Additionally ,
nested NEs (an NE embedded in another NE, referred
to as casadad NEs by Shenet al. [9]) further compli-
cate this problem. Consider the named ertit y kappma 3
binding factor. Its annotation < PROTEIN > <DNA >
kappa 3 </DNA > binding factor </PR OTEIN > has
two right boundariesat 3 and factor, which correspond
to the embedded NE in the DNA category and the
nested NE of the Protein category, respectively.

(3) Named ertit y classi cation:

Once an NE is identi ed, it is then classied into a
category such as protein, DNA, RNA, and soon. Am-
biguity and inconsistency are often encourtered at this
stage. NEs with the sameorthographical features may
fall into dierent categories. For example, BRIX and
SCOP both havethe AllCaps feature, but the former is
a geneand the latter is a protein. An NE may belong
to multiple categories,e.g., ELK1 is both a DNA and
a protein. p53 is an another example. p53 is a syn-
onym for the geneTP53 in HUGO nomenclature; but
in the GENIA corpus, p53 is also tagged as a protein.
Such ambiguity is intrinsic. Another complication is
that a nested NE of one category may contain an NE
of another category. For instance, a protein name may
contain the gene coding for this protein. For exam-
ple, A27L protein is a protein name containing A27L
which is the genecoding for this protein. We needto
properly distinguish A27L from A27L protein.

To tackle these challenges, researdiers use NLP techniques
such as machine learning, dictionary-based methods and
rule-based methods. Tsuruoka et al. [11] and Hanisch et al.
[3] presert dictionary-based approaches. Since new biomed-
ical NEs keep being generated in literature, the machine
learning approach prevails. After the releaseof GENIA cor-
pus [6], machine learning approaches using GENIA corpus
as training corpus are reported [10; 5; 13; 9; 14]. GENIA
corpus provides a benchmark for evaluating di eren t meth-
ods. The overall F-scoreson 23 categoriesin GENIA corpus
reported by these systemswere at most 0.67.
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Figure 1: Method overview

The performance of machine learning approaches has big
room for improvemert. This fact can be attributed to small
sizeof training corpora. Though GENIA corpusis the largest
corpus for NER, it is rather small in comparison with the
size of biomedical NEs. Various strategies are proposedto
enhancethe performance. In this paper, we use maximum
entropy (ME) as our underlying machine learning method.
Unexceptionally, the F-score of pure ME is 0.525 over the
23 categoriesof GENIA corpus. Our post-processingof ME
output aims to resolve boundary detection problems and
correct misclassi cation problems. Dictionary-based and
rule-based methods are used, which signi cantly improves
the performance.

2. ME-BASEDBIOMEDICAL NERFRAME-
WORK

Our recognition method consists of two stages: (1) ME-
based recognition, (2) post-processingincluding boundary
extension and reclassi cation. We rst use ME for NER.
Then we use a dictionary and rules to correct boundary
identi cation errors by boundary extension. After bound-
ary error correction is performed, the results are reclassi ed.
Our method is depicted in Figure 1.

2.1 Maximum Entropy

We regard eadh word as a token. Since a named entity can
have more than one token, each token is assaiated with a
tag that indicates the category of the NE and the location
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of the token within the NE, for example, x_begin, x_continue,

x_end, x_unique where x is a category. The rst three tags
denote respectively the beginning, the middle and the end
of an NE in category x. The fourth tag denotesthat a to-

ken itself is an NE of category x. In addition, we use the

tag unknown to indicate that a tokenis not part of an NE.

The NER problem can then be rephrased as the problem of
assigning one of 4n + 1 tags to ead token, where n is the

number of NE categories. In our ME module, there are 23
named ertit y categoriesand 93 tags. For example, one way
to tag the phraselL-2 geneexpression CD28, and NF-kappa
B in a paper is \ othername_begin, othername_continue, oth-

ername_end, unknown, protein_unique, unknown, unknown,

protein_begin, protein_end."

ME is a exible statistical model which assignsan outcome
for each token basedon its history and features Outcome

spaceis comprised of the 93 tags for an ME formulation of
NER. ME computes the probability p(ojh) for any o from

the spaceof all possible outcomes O, and for every h from

the space of all possible histories H. A history is all the

conditioning data that enablesoneto assignprobabilities to

the spaceof outcomes. In NER, history can be viewed as
all information derivable from the training corpus relative
to the current token.

The computation of p(ojh) in ME dependson a set of binary-

valued features which are helpful in making predictions about
the outcome. For instance, one of our features is: when all

characters of the current token are capitalized, it is likely to

be part of a biomedical NE. Formally, we can represert this

feature as follows:

8
< 1 if Current-Token-AllCaps(h) = true
f(h;0) = | and o = protein_begin; Q)
0 otherwise.

Here, Current-Token-AllCaps(h) is a binary function that
returns the value true if all characters of the current token
in the history h are capitalized. Given a set of features and
a training corpus, the ME estimation process produces a
model in which every feature f; has a weight ;. From [1],
we can compute the conditional probabilit y as:

oy 1L Y fi(ho)

p(O]h)— Z(h) i i (2)
The probability is given by multiplying the weights of ac-
tive features (i.e., those fi(h;0) = 1). The weight ; is
estimated by a procedure called Generalized Iterativ e Scal-
ing. This method improves estimation of weights at ead
iteration. The ME estimation technique guarantees that,
for every feature fi, the expected value of | equalsthe em-
pirical expectation of ; in the training corpus.

As noted in Borth wick [2], ME allows usersto focuson nd-
ing features that characterizes the problem while leaving
feature weight assignmern to the ME estimation routine.

2.2 Decoding

After having trained an ME model and assignedthe proper
weights i to ead feature fi, decading (i.e., marking up)
a new piece of text becomessimple. First, the ME module
tokenizesthe text. Then, for eac token, we chedk which
features are active and combine ; of the active features
according to Equation 2. Finally, a Viterbi seard is run
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Table 1: Orthographical features

Orthographical  features Example Orthographical  features Example
AllCaps EBNA, NFAT, LMP || AlphaDigit p50, p65
AlphaDigitAlpha IL23R, E1A ATGCSequence CCGCCC, ATGAT
CapLowAlpha Src, Ras, Epo CapMixAlpha NFkappaB, EpoR
CapsAndDigits IL2, STAT4, SH2 DigitAlpha 2xNFkappaB, 2A
DigitAlphaDigit 32Dc13,2D3 DigitCommaDigit 1,25
Digits 1,2,3,11 Greek Letter alpha, beta
Hyphen - LowMixAlpha mRNA, mAb
Roman Numeral I, 1, Il SingleCap A-Z
Stop word at, in Other \VLON A YT
and Kazama et al. [4] report that SVM outperforms ME
Table 2: ﬂ%gg nggﬂﬁs for biological NER. In Kazama et al. [4], the comparison is
Unigram | factor, _protein, receptor, alpha, made using GENIA corpus version 1.0. The precision, re-

NF-kappaB, IL-2, cytokine, AP-1,
kinase, IL-4, transcription, domain,
complex, TNF-alpha, IFN-gamma,
Nuclear, p50, p65, beta, NFAT,
CD28, TNF, PKC, -calcineurin,
molecules, GM-CSF, GATA-1, IL-
12, subunit, cell, STAT3, family,
antib ody, TCR, CIITA, chain, tu-
mor, gamma, factor-alpha, expres-
sion, interleukin, lkappaBalpha

NF-kappa B, transcription factor,
| kappa, kappa B, nuclear factor,
protein kinase, B alpha, kinase C,
tumor necrosis, T cell, glucocor-
ticoid receptor, colony-stimulating
factor, binding protein, factor al-
pha, necrosis factor-alpha, adhe-
sion molecule, monoclonal anti-
body, necrosis factor, T lympho-

Bigram

cyte, cytoplasmic domain, gene
product, binding domain
Table 3: Morphological features
ase blast cin cyte
kin lin lipid ma
mide peptide phil rin
rogen sor tin tor
virus vitamin zole anti
cyto dehydr erytho hemo

to nd the highest probability path through the lattice of
conditional probabilities that doesnot produce any invalid
tag sequences. For instance, the sequence [protein_begin,
othername_continue] is invalid becauseit does not contain
an ending token and these two tokens are not in the same
category. Further details on the Viterbi seard can be found
in [12].

2.3 RelatedStudiesof NER Using ME

Raychaudhuri et al. [8] usesME to assign Gene Ontology
tags to genesappearing in biomedical literature. They re-
port that ME outp erforms the Naive Bayesmethod and the
nearest-neighbor method. ME is also used for acronym and
abbreviation normalization in medical texts. Pakhomov [7]
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call and F-score ([P, R, F]) of the SVM-based system was
[0.562,0.528, 0.544] for overall categoriesand [0.492, 0.664,
0.565] for protein. The ME-based system reports [P, R, F]
of [0.534, 0.530, 0.532] for overall performance and [0.491,
0.621,0.548]for protein. Nevertheless,the authors alsostate
that one advantage of the ME model is that it allows exible

feature selection. When new features, e.g., syntax features
are addedto ME, usersdo not needto reformulate the model
likein the HMM model and ME estimation routine can auto-
matically calculate new weight assignmen. Thus we choose
ME as the underlying machine learning model.

3. FEATURES

Feature selectionis critical to the succesof machine learning
approaches. Orthographical features, head noun features,
morphological features, and part-of-speed (POS) features
are frequently used for token identi cation. We use POS
features annotated in the GENIA corpus and report the re-
maining features below.

3.1 Orthographical Features

Table 1 lists some orthographical features usedin our sys-
tem. In our experience, AllCaps, CapMixAlpha, LowMix-
Alpha, SingleCap are more useful than others.

3.2 HeadNnouns

The head noun is usually the major noun or noun phrase
of an NE that describesits function or the property, e.g.,
transcription factor is the head noun for the NE NF-kappa B
transcription factor. Compared with the other words in NE,
head noun is a decisive factor for distinguishing the NE class.

For instance, the classi cations of < Protein> NF-kappa B
transcription factor </Protein > and <DNA > IFN-gamma

activation sequence</DNA > are determined by the head
nouns transcription factor and sequen. In this work, only
unigram and bigram head nouns are considered. We use
training corpus to obtain 960 frequently used head nouns,
and someare listed in Table 2.

3.3 Morphological Features

We consider morphological features of at least three charac-
ters in length. Someare listed in Table 3.

4. POST-PROCESSINGAND RECLASSIFI-
CATION FOR ERROR CORRECTION
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Using ME, we nd some NEs are partially recognized or
mistakenly classi ed. In the post-processingstage,we aim to
resolve boundary detection problems of partially recognized
NEs by a boundary extension method. Afterw ards, we use
a re-classi er to resolve NE misclassi cation. Dictionary-

based and rule-based methods are used for post-processing.
The dictionary is constructed from the training corpus.

4.1 Boundary Extension

For those partially recognizedNEs, we deal with two typesof
boundary detection problems that arise from (1) nested NEs
and (2) brackets for name alias and slash for concatenated
names.

Nested NEs may causeboundary detection problems. Con-
sider the example\[E1A] —proein gENE"! \[EIA genelpna ."
A straightforw ard right(R)-b oundary extensionrule is to ex-
tend the boundary if the NE is followed by NEs and/or
head nouns. In the example \[GA TA-1]-powein  activit y* !
\[GA TA-1 activit Y]=gthemame .  the word activity is not a
head noun. How do we determine whether the right bound-
ary should be extended to activity ? Consider another exam-
ple: \t ype [l receptor]-powein ! \[t ype | receptor]-prowein -"
Should the left boundary extend to the word type? For the
left(L)-b oundary extension, we consider extension to include
a modi er. What modiers are allowed?

To resolve the abovemertioned problems, we compile two
lists of the leftmost (L) and the rightmost (R) context words
of NEs in the training corpus. To construct these lists, we
calculate the frequency of eacth context word candidate and
determine a cuto threshold to include candidates into the
lists. The threshold is expected to a ect the content of the
lists and thus, the performance of post-processing. However,
in our experiments, we have tried dierent threshold values
and found that the threshold does not signicantly aect
the performance. We thus include all the candidates in the
lists. Note that thesecontext words may not be head nouns,
but unigram head nouns surely belong to the lists.

In the previous example, activity is in the R-context word
list and thusthe right boundary can be extended to activity .
We use context word lists to examine un-tagged tokensthat
are adjacent to ME-recognized NEs. If these tokens appear
in the L- & R-context word lists, then they are concatenated
with ME's output. But simply using context word lists to
determine boundary extension may fail in some cases. For
example, binding is in the R-context word list. But binding
can be tagged as a verb, an adjective or a noun. If binding
is tagged asa verb, it is unlikely to be a part of an NE. Only
few tokenstagged as a verb are included in NEs of GENIA
corpus. We thus consider only adjective and noun as valid
POS tags for the tokenin consideration. To further improve
boundary extension accuracy, we examine the validit y of the
POS tag of the token. If this token appearsin a context word
list and its POS is valid, we will concatenate this token with
the NE.

In summary, our boundary extension algorithm to resolve
nested NEs goes as follows:

Step 1. Check R-boundary extension: Extend the bound-
ary of an NE recognizedby ME repeatedly if the NE is
followed by another NE or a token in R-context word
list with valid POS tag.

Step 2. Check L-boundary extension: Repeat similar pro-
cedureasin Step 1.
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Step 3. Repeat Step 1 and 2 until no extension occurs.

Our algorithm can handle six patterns of nested NE con-
struction preserted in Zhou et al. [14].

The secondtype of boundary detection problem occurs when
NEs contain brackets for name alias and slash for concate-
nated names which are not well handled by maximum en-
tropy. For example, basic helix-loop-helix (bHLH) motif is
an NE. Our ME module recognizesboth basic helix-loop-
helix and bHLH as protein. Since\(" and \)" are not valid
context words, the previous algorithm cannot extend the
boundary of ME's output. Our solution is to detect whether
motif is a valid context word. If yes, basic helix-loop-helix
(bHLH) motif will be concatenated as one named ertit y.
After performing boundary extension for nested NEs, we use
rule-based approach to extend boundary of the secondtype
problem. The rules are given as follows:

1. NE := NE (+ NE) + R-context word;
2. NE := NE + =+ NE (+ =+ NE) + R-context word.

Inspecting the results generatedby ME, we found that some
human names were identied as NEs. A special module
developed by our laboratory was introduced to lter these
errors. This module is originally designedto extract authors,
paper titles and journal namesfrom citations.

4.2 Re-classier

In boundary extension stage, we do not change the classi-
cation. Our re-classi er aims to resolve two types of clas-
sication errors. The rst type is assaiated with bound-
ary extension, for example, \[GA TA-1]-powein  activity" !
\[GA TA-1 activit Y]=othemame - The other type is intrinsic
ambiguity causedby abbreviations. Orthographical features
of AllCaps and CapsAndDigits are sometimesinsu cien t to
distinguish between abbreviations of protein and DNA. For
example, CD28 is a protein, and PS1 a DNA.

The re-classi er performs two steps. The rst step is dic-
tionary lookup. If the named entity is in the dictionary, we
assign new class according to the dictionary. If the NE is
not in the dictionary, we take the secondstep to adjust the
classi cation according to R context word. We assign the
classaccording to the context word.

5. EXPERIMENTS
5.1 GENIA Corpus

We use GENIA corpus version 3.01to evaluate our system.
The GENIA corpus contains 2,000 abstracts extracted from
the Medline database and these abstracts are annotated
with Penn Treebank part-of-speed tags. The annotation of
the NEs is basedon GENIA ontology. In our experiments,
we use 23 distinct NE categories of GENIA corpus.

5.2 Experimental Results

We conduct 10-fold crossvalidation experiments and divide
2000 abstracts into 10 collections. Each collection contains
not only abstracts but also paper titles. We evaluate our
approach using standard precision (P), recall (R), and F-
score,where F-score is de ned as2PR=(P + R). To evaluate
our method, we consider the longest word annotation, since
these NEs are useful for relation extraction.
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Table 5: NE recognition performance

Cong Boundary Extension Reclassify NE Recognition
BE-1 | BE-2 | BE-3 | RC-1 | RC-2 P/RIF

Baseline | | n n 0.512/0.538/0.525

Conf4 n n n N 0.645/0.634/0.639

Conf5 N n N i n 0.67/0.658/0.664

Conf6 n n n n n 0.707/0.695/0.701

Conf7 il il il il il 0.727/0.715/0.721

Table 7: Partial matching performance

Task NE Identi cation NE Recognition
Measuremert Precision | Recall | F-Score | Precision | Recall | F-Score
Exact Match 0.776 0.763 | 0.769 0.727 0.715 | 0.721
LD=1, ER > CR | 0.802 0.788 | 0.795 0.74 0.728 | 0.734
LD=2, ER > CR | 0.818 0.804 | 0.811 0.754 0.741 | 0.747
LD=1, CR > ER | 0.804 0.791 | 0.797 0.744 0.731 | 0.737
LD=2, CR > ER | 0.809 0.795 | 0.802 0.748 0.735 | 0.741
RD=1, ER > CR | 0.805 0.79 0.797 0.733 0.72 0.726
RD=2, ER > CR | 0.813 0.798 | 0.805 0.737 0.724 | 0.73
RD=1, CR > ER | 0.808 0.791 | 0.799 0.735 0.721 | 0.728
RD=2, CR > ER | 0.811 0.802 | 0.806 0.736 0.723 | 0.729

Table 4: NE identi cation performance

Cong Boundary Extension NE Identi cation
BE-1 | BE-2 | BE-3 P/R/F
Baseline n 0.56/0.589/0.574
Confl n C 0.582/0.597/0.594
Conf2 n il 0.591/0.6/0.595
Conf3 | o o 0.757/0.746/0.751
Conf4 C i C 0.776/0.763/0.769

Table 6: System performance comparison (measured in F-
Score)

Category Overall | Protein | DNA | RNA
Our system 0.721 0.785 0.700 | 0.752
Zhou et al, 2004 | 0.666 0.758 0.633 | 0.612

In Table 4, we report the named entit y identi cation (re-
gardlessof classi cation) performance. We use BE-1 to de-
note the nested boundary extension algorithm, BE-2 to de-
note the boundary extension for brackets and slashes,and
BE-3 to denote the module to remove human names. From
the gures, we can seethat eath method yields di eren t de-
gree of improvemert in NE identi cation (boundary detec-
tion) performance. BE-1, which improvesthe NE identi -

cation performance by 0.177,is the most e ectiv e boundary
extension method among the three methods.

In Table 5, we report the named ertit y recognition (includ-
ing classi cation) performance. We use RC-1 to denote the
re-classi er using dictionary lookup and RC-2 to denote the
re-classi er using R context word. In Table 6, we show the
performance of our system in overall 23 categories and in
protein, DNA and RNA classes,and compare them with
those reported in Zhou et al. [14]. We can seethat our
system has advantage over Zhou's system in eac main NE
category and in overall performance. In Table 7, we report
the partial matching results. We uselLD = i (RD = i) to
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mean that the recognizedNE di ers from the annotation by
only i words at the left (right) boundary. ER and CR denote
the length of the recognizedNE (the experiment result) and
the length of the annotation (the correct result).

6. CONCLUDING REMARKS

In this paper, we proposea hybrid method using maximum
entropy and dictionary/rule-based methods. Currently, dic-
tionary is only usedin the post-processingstage. In the fu-
ture, we shall improve our system by also using dictionary in
the preprocessingstage. However, we needto overcomethe
dicult y arising from integration of dictionary preprocess-
ing with ME. In the post-processingstage, we shall explore
more extensively on determining rules for boundary exten-
sion and entit y concatenation. In addition, we shall try to
automatically generate good rules to enhanceour system.
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ABSTRACT

Protein-protein interactions are of great interest to biolo-
gists. A variety of high-throughput techniques have been
devised, each of which leads to a separate de nition of an
interaction network. The concept of di eren tial assaiation
rule mining is introduced to study the annotations of pro-
teins in the context of one or more interaction networks.
Di erences among items across edgesof a network are ex-
plicitly targeted. As a second step we identify dierences
between networks that are separately de ned on the same
set of nodes. The technique of di eren tial asscaiation rule
mining is applied to the comparison of protein annotations
within an interaction network and betweendi eren t interac-
tion networks. In both caseswe were able to nd rules that
explain known properties of protein interaction networks as
well asrules that show promise for advanced study.

General Terms

assaiation rule mining, protein interactions, relational data
mining, graph-baseddata mining, redundant rules

1. INTRODUCTION

Association Rule Mining (ARM) is a popular technique for
the discovery of frequent patterns within item sets [1; 2;
13]. The technique has been generalized to the relational
setting [18; 10; 22] including the study of annotations of
proteins within a protein-protein interaction network [22].
In many bioinformatics problems, biologists are interested in
comparing dierent sets of items. Rather than identifying
patterns among protein annotations, biologists often want
to contrast annotations of interacting proteins [25]. Going
one step further, is alsoa want to contrast di eren t network
de nitions to understand which experimental technique to
use for which purp ose.

Seweral de nitions of protein-protein interactions have been
intro duced. For our study we concertrate on three: Physical
interactions are determined through experiments such asthe
yeast-two-hybrid method [16; 30] and indicate a level of bio-
chemical interaction. Genetic interactions are derived from
in-viv o experiments in which the lethality assaiated with
mutation of two genesis tested [26]. Domain-fusion inter-
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actions are detected in silico by comparing di eren t species
[19; 28]. Two genesin one speciesare labeled as interacting
if they have homologsin another speciesand those homologs
are exonsof the samegene. Previous approachesto network
comparison have studied eac network in isolation and have
compared statistics between networks [25; 27]. We use dif-
ferential assciation rule mining techniques to identify rules
that directly contrast the dierences in annotations across
interactions, and betweendi eren t typesof interactions.
Can dierences be identied from standard ARM output?
Assume, for example, that proteins with "transcription" as
annotation are found to frequently interact with proteins
that are localized in the "nucleus". This rule may be due to
two independent rules, one that assciates "transcription”
and "nucleus" within a single protein, and others that rep-
resert a correlation of "transcription” and/or "nucleus" be-
tween interacting proteins. In fact, since trascription takes
place in the nucleus this would make sense. We would not
consider this a sign of a di erence betweeninteracting pro-
teins. The sametype of rule could, however, indeed stand
for a di erence. Consider the rule that proteins in the "nu-
cleus" are found to interact with proteins in the "mito chon-
dria". It can be expected that a single protein would not
simultaneously belocated in the "nucleus" and in the "mito-
chondria". We can therefore assumethat the rule highlights
a di erence between interacting proteins and may identify
an instance of compartmental crosstalk. This rule is signi -
cantly more interesting to a biologist than the rule relating
"nucleus" and "transcription". It is much more expressive
of the properties of the respective interaction network.

So far we have distinguished betweenthe two examples on
the basis of our biological background knowledge. Two ap-
proaches could be taken to translate the idea into a useful
ARM algorithm. We could devise a di erence criterion in-
volving correlations betweenneighboring nodesand/or rules
found within individual nodes. Such an approach would not
benet from any of the pruning that has made ARM an
e cien t and popular technique. Our algorithm takesan ap-
proach that makes signi cant use of pruning: Only those
items are consideredfor the ARM algorithm for which eadc
item in a setis unique to only one of the interacting nodes.
The rule assaiating "transcription" and "nucleus" would
thereby only be evaluated on those "transcription" proteins
that are not themselves in the "nucleus”, and those "nu-
cleus" proteins, that are not themselvesinvolved in "tran-
scription".

There are other reasonswhy a focus on di erences is more
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Node Edge
ORF Annotations ORFO ORF1
YPR184W f< cytoplasm >g YPR184W YER146W
YER146W f< cytoplasm >g YNL287W  YBLO26W
YNL287W  f< Sensitiv ity TOaaaod>g YBL0O26W  YMR207C
YBLO26W  f< transcription >; < nucleus>g
YMR207C f< nucleus>g

Figure 1: Initial Tables

e ectiv e for assaiation rule mining in networks than a stan-
dard application of ARM on joined relations. Traditionally

assciation rule mining is performed on sets of items with

no known correlations. Interacting proteins are, however,
known to often have matching annotations [27]. Using asso-
ciation rule mining on such data, in which items are expected
to be correlated may lead to output in which the known
correlations dominate all other obsenations either directly

or indirectly . This problem has been observed when rela-
tional assaiation rule mining is directly applied to protein

networks [22; 4]. Excluding matching items of interacting

proteins is therefore commonly advisable in the interest of
getting meaningful results alone [4]. Matching annotations
can be studied by simple correlation analysis, in which co-
occurrence of an annotation in interacting proteins is tested.
In the presenceof such correlations, assaiation rules are
likely to re ect nothing but similarities betweeninteracting

proteins.

We usethe conceptof including only items that are unigue to
one of a set of interacting nodesto further addressthe task
of comparing dierent interaction networks. In principle

networks can be compared by studying ead individually

and comparing the results. When applying assaiation rule
mining to annotations in protein interaction networks, such
an approach facestwo di culties. First, not all biological
experiments have beendone on all proteins. It is, therefore,
safestto basea comparison of two networks only on proteins
that show both types of interaction. Second, assciation

rule mining gains its computational e ciency from item set
pruning. Any test that is done at a later time removesrules
that were produced unnecessarily If the selection process
can be converted to act on item sets themselves, pruning is
restored. We demonstrate how the concept of unique items
can be usedto extract di erences between networks.

2. DIFFERENTIAL ASSOCIATION RULES

We assume a relational framework to discuss di erences
within and between networks. The concept of a network
may suggest use of graph-based techniques. Graph-theory

typically assumesthat nodes and edgeshave at most one
label. Relational algebra on the other hand hasthe tools for
the manipulation of data assaiated with nodes and edges.
A relational represertation of a graph with onetype of nodes
requires one relation for data assaiated with nodes, which
we will call node relation, and a second relation that de-
scribes the re exiv e relationship between nodes, the edge
relation. To compare networks we will use multiple edge
relations. Association rule mining is commonly de ned and
implemented over sets of items. We combine the concept
of sets with the relational algebra framework by choosing
an extended relational model similar to [13] . Attributes

within this model are allowed to be set-valued, thereby vio-
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lating rst normal form. We go one step further by allowing
sets of tuples, i.e. relations themselves, as attribute values.
Consider a database with node relations Ry (T; D) where T
is a tuple identier and D is a set of descriptors. Tuples in
Rn have the form < tj;D; > where D; is a relation of de-
scriptors < d; > (see gure 1table Node for represertation).
Descriptors are tuples with just one attribute of domain D.
We call the < d; > descriptors to distinguish them from
items. Items have a secondattribute to identify their node
of origin, seede nition (3). We will call the sets of items
that form the basis for assaiation rule mining basis set

De nition 1. A single-node basis set is identical to a set
of descriptors D;  D. This de nition is equivalent to the
basicde nition of anitem setusedin assaiation rule mining

[1].

Our goal is to mine relational basis sets that will be con-
structed from multiple descriptor sets that belong to the
same tuple of a joined relation. An edge relation has two
attributes Re (Ti; T;), with T, as well as T, being foreign
keys that refer to identi ers in one or more node relations
(see gure 1 table Edge for represertation). Edge relations
can, in principle, have the alternate form Rg (T;;T,;D(E))
with D(E) being a set of edge descriptors. We could split
such a relation into a separate node relation as well as a
standard edgerelation asin [7].

Joined-relation basissetsare formed in multiple steps. Edge
and node relations are joined through a natural join opera-
tion (). Attribute names are changed [11] such that they
are unique. We use this step to ensure that information
about the origin of dierent attributes is maintained. At-
tributes are identied by consecutive integers to which we
will refer asorigin identiers g2 G= f0;:::;;(n 1)g where
n is the number of node relations. This information will be
used in a later step to actually modify the descriptors ac-
cording to their origin before joined-relation basis sets are
constructed from multiple descriptor sets.

De nition 2. A joined-relation hasis set is derived through
the following steps. A 2-node joined-relation is created by

Ran o700 (RN (T;D))  or;a7 (RE(TH;Tr))
17;10 (Rn (T; D)) 1)

Generalization to n-node joined-relations is straight forward.
Note, however that we can have multiple alternativ es. For
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Figure 2: Represenation of basis sets.

TID Join

1 f< 0;cytoplasm >g f< 1;cytoplasm >g

2 f< 0; Sensitiv ity TOaaaod > g f< 1;transcription >; < 1;nucleus>g
3 f< O;transcription >; < O;nucleus>g | f< 1;nucleus >g

TID Unique

1 NULL NULL

2 f< 0; Sensitiv ity TOaaaod > g f< 1;transcription >; < 1;nucleus>g
3 f< O;transcription >g NULL

Figure 3: Join and Unique

a 4-node joined-relation we can have

Rani o1;00 (RN (T:D)) o7 (Re(Ti; Tr))
1110 (RN (T;D)) w127 (Re(Ti; Th))
27:20 (RN (T;D)) 2737 (Re(Ti; Tr))
3130 (Rn (T; D)) 2

Rang or;00 (RN (T;D)) o (Re(T; Tr))
1710 (RN (T;D)) 1127 (Re(Ti; Tr))
2720 (RN (T;D))  wriar (Re (T Tr))
aT:3p (Rn (T;D)): 3)

Notice that in equation (2) the joining correspondsto a chain
of 0-1-2-3 and in equation (3) there is a branch 1-2 and 1-
3. Figure (2) illustrates forming basis sets given a simple
network, we can seethe alternativ esat the 4-node join. At-
tribute renaming a,::a , iSusedasde ned in [11]. Wethen
apply a Cartesian product of a relation consisting of a sin-
gle tuple containing the origin identier < g > with ead
descriptor set individually . It converts the descriptors d;
into tuples < g;d; >. g is the sameorigin identier that is
used as pre x in the attribute name

<g>f <do> < di >g
f< gido> o< gidk >0 4)

g:li

De nition 3. An item is dened as a tuple < g,d; >
where g is an integer which is the origin identier and d
is the descriptor value of an attribute.

Note that we will use an abbreviated notation for items in
the results section (g:d; instead of < g;d; >). A joined-
relation basis set B; is derived as the union of descriptor
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setsfor eac tuple identi ed by t; of the joined relation. For
a 2-node joined-relation basisset or 2-node basis set we have

8ti Bi=0li[ Ll;: (5)

The set of all basissetsis C = fBy;:::; Bm g where m is the
number of tuples in the joined relation an example of the
product can be seenin gure (3 table Join) as the result of
the operations to the relations in gure (1).

De nition 4. A uniquenessoperator U is de ned as fol-
lows. For each set-valued attribute on which it operates the
set di erence is computed between that attribute and the
union of all other attributes of that domain.

URn (ti;fOl ;s (n 1)lg) :
(T 1)
8ti 817 il Y =i k:li (6)
k=0 k6 j

with g:l; de ned asin equation (4).

Figure (3 table Unique) shows the results of the unique op-
eration on the joined portion. In this paper the uniqueness
operator is applied to all set-valued attributes of a joined-
relation but other choices are possible, such as requiring
uniquenessonly acrossa subset of edges.

De nition 5. A unique item hasis set is de ned through
the following steps. An n-node joined-relation is created as
described in de nition (2). The uniquenessoperator is ap-
plied to all set-valued attributes. Then the Cartesian prod-
uct is usedto create item tuples, and the processcontin ues
as for joined-relation basis sets.
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Figure 4: Left: Two graphs de ned over the same set of nodes, Right: Network comparison basis set

De nition 6. A network comparison hasis set di ers from
a unique node item basissetthrough the useof di eren t edge
relations. In the current paper we limit ourselvesto 3-node
network comparison basissets. We only considerthose edges
that are unique to one of the network de nitions. Edgesthat
are represerted in both networks are removed since they
cannot give us information on di erences betweennetworks.

Ranc ot;00 (RN (T; D)) o7;u7m (REL(TH; Tr))
1710 (RN (T; D)) 1727 (Re2(Ti; T))
2720 (Rn (T; D)) (7)

Compare Figure (4) for a graphical representation of the ex-
traction of a network comparison basis set. The other steps
are done as for unique node item basis sets. The unique-
nessoperator is applied to all nodes. Assume for example
a protein with a physical interaction between 0 and 1 and
a genetic interaction between 1 and 2. Assume further a
standard basissetasf0.A, 0.B, 1.C, 2.A, 2,Dg. This would
lead to a network comparison basis set of f0.B, 1.C, 2.Dg.
Examples of reported rules would be 0:B ! 1:C which is
speci ¢ to the physical interaction and 1:C ! 2:D which is
speci ¢ to the genetic. We limit the scope of our algorithm
to rules that involve only one of the networks as de nition

(8). Any such rule will automatically represert a property
that is in contrast to the other network.

De nition 7. Giventhe above de nitions of basissets, as-
sociation rules are de ned in their standard way. A rule has
the form X ! Y where X and Y are setsof items (seede -
nition 3). The support of a rule is the probability P(X [ Y)
within the set of all basis sets C. The con dence of a rule
is the conditional probability P(YjX). The set of all items
in the rule is an item setl = X [ Y.

It isimportant to understand that any relational assaiation
rule depends on the context in which it was generated. A
rule that involvesonly two nodesrelated by one edgecan, in
principle, be found in a 2-node join-relation and any higher
order relation. The support and con dence will however
vary depending on that context, and a rule that is strong
in one context may not be soin another. We follow [7] in
always using the lowest order possible. For network compar-
ison purp oseswe need three ertities to derive 2-node rules.
Seede nition (6). The problems assaiated with multiple
contexts leads us to the following de nitions.
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De nition 8. An item setJ hasnetwork comparison sope
if it represens all nodesthat are related through one edge
relation and no nodes that are related through a dierent
edgerelation. If the item setis furthermore unique, support
and con dence based on this item set will re ect network
properties that are specic to one type of network and not
to any other network involved in the comparison. For in-
stance given we have network A covering origin identi ers
0,1 and network B covering identi ers 1,2 then the itemset
f 0.nucleus,1.cytoplasm,2.transferasg would not be in net-
work comparison scope but itemsets f 0.nucleus,1.cytoplasmg
and f 1.cytoplasm,2.transferaseg would be.

De nition 9. An item setJ is out-of-scope if one or more
nodes are not represerted, i.e., if j c(J)j < n wherejj in-
dicates the cardinality, is the relational projection opera-
tion, G is the identi er attribute of the item tuples, and n
is the number of node relations that were joined. In gure
(3 table Unique) item setsfor TID 1 and 3 are considered
out-of-scope on the transaction level.

De nition 10. An item setJ is repetitious if at least one
descriptor occurs more than once,i.e., if j o (I1)j < jJj where
p Is the projection on the descriptor attribute. Two items
are consideredrepetitious if they belongto the samejoined-
relation basis set, their origin identier diers, and their
descriptors are equal. Figure (3 table Join) item sets for
TID 1 and 3 have repetitious items.

3. RELATED WORK

Oyama et al. [22] apply assciation rule mining to joined-
relations of physical protein interactions and their annota-
tions. This work notes the problem of what we term repe-
titious item sets but doesnot resolve it. Relational assai-
ation rule mining has more generally been addressedin the
context of inductiv e logic programming [10; 18; 17]. These
approachesare very exible and leave most choicesup to the
user. This paper, on the other hand, addressesthe question
of what speci cations allow extracting meaningful rules. It
is useful to notice that the major portions of di eren tial rule
mining can be imported to dierent frameworks including
ILP.

Some biological publications have touched on the concept
of comparing networks. The authors in [27] addressaspects
such as density of the networks and how well the genetic in-
teractions predict physical interactions. Another work [23]
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looks at correlation and interdependency characteristics be-
tween the genetic and physical networks. The distribution
of annotations on an individual network is discussedin [25].
These approaches fall short of contrasting annotations in
di eren t networks. A further related researd areais graph-
based ARM [15; 21; 31; 6]. Graph-based ARM does not
typically consider more than onelabel on eadh node or edge.
The goal of graph-based ARM isto nd frequent substruc-
tures in that setting.

Removal of a class of redundant rules is an important part
of di eren tial rule mining. Redundant rules have been stud-
ied, and closedsets[8; 33] have proven a successfulapproach
to their elimination. Closed sets alone do not, however, ad-
dressthe problem of contrasting di eren t nodesor networks.
Since we know what kinds of rules we want to eliminate, it
is signi cantly more e cien t to do so at the relational join
level. This strategy hasthe added bene t of correcting sup-
port and con dence of all rules to re ect only the contribu-
tion that is non-redundant to a combination of repetitious
and out-of-scope item sets.

There are other areasof researd on ARM in which related
transactions are mined in some combined fashion. Sequen-
tial pattern or episode mining [2; 32; 24; 34] and inter-
transaction mining [29] are two main categories. Some sim-
ilarities in the formalism can be observed since we are also
interested in mining acrosswhat can be consideredtransac-
tions. A tuple in a joined-relation can ultimately be com-
pared with sequencesof transactions. Overall the goals of
these approaches are too dierent to be applicable to our
setting in any direct way.

4. IMPLEMENT ATION

The dieren tial assaiation rule mining algorithm was im-
plemented in a modular fashion. Three major parts are dis-
tinguished. Preprocessing(steps 1.-3.) includes application
of the uniquenessoperator U (seede nition 4 in section 2).
The actual item set generation (step 4.) is done based on
sets of items that appear as regular setsto the ARM pro-
gram. Results in this paper usethe Apriori algorithm from
Christian Borgelt [5]. Postprocessing(steps 5.,6.) doesad-
ditional Itering at the item set and rule level.
Preprocessingincludes the following tasks. For undirected
graphs only one direction is typically included in data sets.
We create both directions to ensure correct represeration
and then join the relations. Joined relations were created
with dierent methods depending on the comparison type
for input.

The uniquenessoperator, U, from equation (6) was applied
to all basis set relations (step 8.). If the operator U has
removed all items related to any one of the ertities the basis
set is marked as deleted (steps 9.,10.). Such basis sets can
never contribute to in-scope item setsor rules. The basisset
is therefore not passedto the ARM method. We do, how-
ever, calculate support and con dence basedon the full set
of joined table basissetsby counting all basissets. Once the
basis sets are processedinto the unique basis sets, standard
Apriori is applied (step 4.).

Frequent item sets or closed item sets are returned as the
usual result of Apriori. For undirected graphs symmetric
versions of ead item set are returned and have to be re-
moved (step 5.). Input from Apriori is sert to the rule gen-
eration phase (step 6.). Item sets are tested if all ertities
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Number of nodesin the join relation: n
n-entit y joined relation basis set: B;
Set of basissets C:fBo,...,Bmg

Di-ARM  (n,minconf ,minsup,C)

For undirected graphs represert eac direction
Join relations and eliminate cycles

CY=U _OP(n,C)

FreqSets=Apriori:F regltemset_Gen(C" ,minsup )
For undirected graphs remove symmetric
contributions

U_SCOPERULE( FregSet,n,minconf )

arwdhE

o

U _OP (n,C) Returns! cY
foreach transaction, B; 2 C
BY = UBi(f0:l;;::(n
foreach jil Y 2 BY
if(j:l Y == ;)1

CU+ - BU

1):1i9)

mark tuple as deleted

B © o~
o

U _SCOPER ULE (FrecgSet, n, minconf )
12. foreach Ji 2 FreqSet
13. if(j c(Ji)j== n)
14. Apriori:Rule _Gen(Ji,minconf )
15. Apply rule ltering

Figure 5: Dieren tial ARM Algorithm

are represerted (step 13.). If not, the item set is removed
as being out-of-scope. Rules are then produced as in stan-
dard ARM by processingthe frequent item sets (step 14.).
The algorithm concludeswith a set of rules that satisfy the
requirements from section 2. Rule results are additionally
ltered so that any node does not have items in both the
antecedert and the consequen of the rule after the nal set
(step 15.). The following equation de nes this step for a
givenrule A! C:

c(A)\

4.1 Datasets

Our data consist of one node relation gathered from the
Comprehensive Yeast Genome Database at MIPS [20; 9],
geneorf. The geneorf node relation represerts gene anno-
tation data. Annotations are hierarchically structured, with
hierarchies for function, localization, protein class,complex,
enzyme commission, phenotype and motif. In any category,
attributes are multi-v alued and we pick the highest level
in eadh hierarchy as descriptors. The relation contains the
ORF identi er as key and the set of annotations related to
that ORF as attribute (descriptor set).

We used three dierent de nitions for protein-protein in-
teractions which are undirected edgesfor yeast: physical,
genetic and domain fusion. The physical edge relation was
built from the ppi table at CYGD [9] where all tuples with
typelabel of "physical" were used. The genetic edgerelation
wastaken from supplemertal table S1 of genetic interactions
from [27] where both Synthetic Sick and Synthetic Lethal
entries are used. Our third edge relation was the domain
fusion set built from the un ltered results posted from [28;
14]. The set was lItered to re ect only ORFs cortained in
our node relation.

c(C) == (8)
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Figure 6: Left: Processingtime, Right: Reduction in Number of Rules

4.2 Performance

Three contributions to the complexity have to be distin-
guished: preprocessing, Apriori and postprocessing. The
most important contribution is the Apriori step. Since we
did not modify the algorithm itself, changesin performance
come from data reduction. The resulting improvemert is
highly signicant. Figure (6) shows the processingtime of
the Apriori algorithm under a performance trial. Recorded
is the time to generate frequent item sets for unique item
basis sets of one to 4 nodes. We did not include time to
load the database or print the rules. As seen,the dieren-
tial ARM algorithm outp erforms ARM by a factor of 100in
the 4-node setting. The reduction in the number of rules is
even more signi cant. The di erence betweenthe number
of rules in di eren tial and standard ARM demonstrate how
correlations dominate standard ARM output and thereby
render it useless.

5. RESULTS

Wewill rst look at an example of a rule that is strong based
on the application of a standard ARM algorithm on joined
tables but not so if only unique items are considered. A
clear example is the rule mentioned in the intro duction:

f O.transcriptiong !
support = 0.29%

f 1L.nucleusy
con dence = 28.38% 9)
This rule is a consequenceof a strong single-node rule to-

gether with correlations that are documented by a repiti-
tious rule

f O.transcriptiong !
support = 0.70%

f 0.nucleusy
con dence = 69.59%

f0.nucleusy !
support = 5.74%

f 1.nucleusy
con dence = 29.02%

Using the uniquenessoperator changesthe support of rule
(9) to 0.02% and a con dence of 2.08%. We expect support
and con dence to be lower when the uniquenessoperator is
applied, since annotations are removed. Strong rules in our
data set do, however, in general have a support around 0.2-
2% and con dence around 6-20%. Based on these numbers
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the rule (9) cannot be considered strong and ranks much
lower in the new results.

For the remainder of this section we will report di eren tial
assaiation rules and no standard ARM results. The follow-
ing rule was found to be strong in the physical interaction
network

f 1.mitochondriag !
support = 1.2%

f 0.cytoplasmg
condence = 27.3%

This rule clearly corresponds to annotations that would not
be expected to hold within a single protein but may hold
between interacting ones. A protein located in the mito-
chondria would not have localization cytoplasm. We do,
however expect compartmental crosstalk as studied in a pa-
per by Schwikowski et al.[25] between those two locations.
The obsenation conrms to us that we seerules that are
sensiblefrom a biological perspective. Comparison with [25]
further helped us con rm somelessexpected rules such as

f 1.mitochondriag !
support = 0.72%

f0.nucleusy
con dence = 16%.

We also found rules that have not yet beenreported in the
literature. The following rule was also observed within the
physical interaction network

f1.ERg !
support = 0.21%

f 0.mito chondriag
con dence = 6%

This rule was of interest particularly due to its compara-
tiv ely high support. From a biological perspective one would
not expect proteins in the endoplasmatic reticulum (ER) to
physically interact with proteins in the mito chondria. To an-
alyze the signi cance of the result we looked at some ORFs
that support the rule. One pair was

(0.YLR423C: ER)

(1.YOR232W: mito chondria,
GrpE _protein _signature(PDOC00822),
Molecular_chaperones).

On further investigation it wasfound that GrpE along with a
Molecular _chaperone is involved in protein import into the
mito chondria [3]. This information leads to a hypothesis
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Table 1. Statistics

Table intforf maxint #>20 #int
physical 3.55 289 73 14672
genetic 7.88 157 93 8336
domain fusion 44.6 231 305 28040

that YLR423C could be aiding the import mechanism or be
interacting with the chaperone. This example demonstrates
how di eren tial assaiation rules can provide insights into
the functioning of the cell and can lead to further studies.

5.1 DifferencesBetweeninteraction Types

We will now look at rules that derive from the network com-
parison formalism of de nitions (6) and (8) (inter-network
comparison). Given multiple types of protein-protein in-
teractions we look for signi cant dierences to aid in the
understanding of cellular function and as well as the prop-
erties and usesof the networks. In this paper we consider
pairs of networks for inter-network comparisons (physical
and genetic, physical and domain fusion, domain fusion and
genetic) and join the two edgerelations to form a network
comparison joined relation (de nition 6).

The networks do not show a signicant overlap, i.e., it is
very common that for any given physical interaction be-
tween two proteins there will be no genetic interaction [27].
Strict network overlap for each network pair is: physical-
genetic 14 transactions, physical-domain fusion 52 transac-
tions, genetic-domain fusion 128 transactions. There are
no transactions that overlap for all three. Our compari-
sion instead usespartial overlap of the networks. Table 1
shows that even the statistical properties of the networks
dier signicantly: the average number of interactions of
proteins that show at least one interaction varies from 3.55
in the physical network to 44.5 in the domain fusion net-
work. Comparison of annotations acrossthose networks has
to compensate for such di erences. The processof joining
relations ensuresthat ead protein that is considered for a
physical interaction will also be consideredfor a genetic in-
teraction.

Before looking at details of individual rules we will make
some general obsenations regarding the number of rules we
observed for di eren t combinations of networks. When com-
paring physical and genetic networks we found about one
order of magnitude more strong rules relating to the phys-
ical network compared with the genetic network. Physical
interactions also produce the stronger rules when compared
with domain fusion networks. That meansthat the physi-
cal network allows the most precise statements to be made.
When comparing the domain fusion and the genetic network
no major di erence wasfound. That suggeststhat physical
interactions re ect properties of the proteins better than ei-
ther of the other two.

Theserules are amongthe top 100generatedfor the physical-
domain fusion set. Some specic examples of interesting
rules from this study are as follows:

f 1.Fungal_Zn(PDOC00378)g !
f2.Zinc_nger _C2H2_type_.domain(PDOC00028)g
support = 0.48% con dence = 76%

This rule was found to be supported in the domain fusion
interaction setbut not among the physical interactions. The
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motif of ORF 1 is a fungal Zinc-cysteine domain presert in
many transcription activator proteins which bind DNA in a
zinc-dependent fashion. The motif of ORF 2 is a zinc n-

ger which also binds DNA and commonly has cysteinesand
Histidine residuesin them [12]. This rule tells us that the
con dence of assuming a domain-fusion interaction between
the fungal zinc domain and the zinc nger motif is 76%, not
considering casesin which a zinc nger is also involved in
a physical interaction. Further studies would be necessary
to decideif the absenceof a physical interaction is due to a
problem with annotations or if those two proteins really do
not interact. The secondrule is supported by the physical
network but not the domain fusion network

f 0.ABC _trans _family _signature(PDOC00185)g !
f 1.ATP/GTP _binding _site_motif _A(PDOCO00017)g
support = 0.45% con dence = 90%

ORF 0 hasthe motif of an ABC transporter signature which
implies it is an ABC transporter coding sequence. ABC
transporters have consened ATP binding domains as the
motif in ORF 1 and help in either the import or export
of molecules utilizing ATP as the energy molecule for the
process[12]. From the rule we can seethat these two do-
mains physically interact but are never represented by a
single gene. This supports the obsenation that the ATP
binding domain is found in many other proteins as well [12]
and both functions are combined through interactions at the
protein level rather than at the genetic level. This obsena-
tion would also warrant further studies.

6. CONCLUSIONS

We have described the novel concept of di eren tial assaia-
tion rules. The goal of this technique is to highlight dier-

encesbetweenitems belonging to di eren t interacting nodes
or di eren t networks. We demonstrate that such di erences
would not beidenti ed by application of standard relational
ARM techniques. Our technique is highly ecien t and ef-
fective. It follows the ARM spirit by gaining its e ciency

from a pruning step that is included even before the fre-
quent item set generation step. We apply our framework
to real examples of protein annotations and interactions.
Results were able to con rm expected biological knowledge
aswell asidentifying asyet unknown assaiations that were
successfullysupported by further inspection of the data. We
have thereby provided a newtool that has potential for most
network settings, and have demonstrated its successfulap-
plication to bioinformatics.
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