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Opening Remarks
Bioinformatics is the science of managing, mining, and in-
terpreting information from biological sequences and struc-
tures. Genome sequencing projects have contributed to an
exponential growth in complete and partial sequence databases.
The structural genomics initiative aims to catalog the structure-
function information for proteins. Advances in technology
such as microarrays have launched the subfield of genomics
and proteomics to study the genes, proteins, and the regu-
latory gene expression circuitry inside the cell. What char-
acterizes the state of the field is the flood of data that exists
today or that is anticipated in the future; data that needs
to be mined to help unlock the secrets of the cell.

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

The goal of this workshop is to encourage KDD researchers
to take on the numerous challenges that Bioinformatics of-
fers. The workshop features an invited talks from noted
expert in the field, and the latest data mining research in
bioinformatics. We encouraged papers that propose novel
data mining techniques for tasks such as:

• Gene expression analysis

• Protein/RNA structure prediction

• Phylogenetics

• Sequence and structural motifs

• Genomics and Proteomics

• Gene finding

• Drug design

• RNAi and microRNA Analysis

• Text mining in bioinformatics

• Modeling of biochemical pathways

These proceedings contain 10 papers (6 long and 4 short),
out of 26 submissions that were accepted for presentation at
the workshop. Each paper was reviewed by three members
of the program committee. Along with a keynote talk, we
were able to assemble a very exciting program.

We would like to thank all the authors, invited speaker, and
attendees for contributing to the success of 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: BIOKDD03, held in Washington, DC; BIOKDD02,
held in Edmonton, Canada; and BIOKDD01 held in San
Francisco, CA. We expect BIOKDD04 to be equally suc-
cessful.
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¥H¦R§	¨!©�ª «!§�¬�­�«kª<«!®=¯1§	®�®�«!°$¨!¥S±&§�²�³�¯�² §'ª ¥)«!¬�´ ®<®�¥�µ
©$¥H¬$¶)¥�ª §n·6©�ª.³�ª ¥	¸
¹Nº ¥)®�¥X·S©/ª.³'ª «!§	¬�®�·�³)»�¬$§'ª º ³�¦R¥h³�¬
»�«!¬�¼$©$¥)¬�¶)¥h§�¦R¥H²~³d¯�² §'ª ¥)«!¬�´ ®
®"ª�² ©�¶Hª ©�² ¥9§�²�±?©$¬�¶Hª «!§	¬�­1»
¥Hªd·�³�»G¨!¥�³	½lª §3±�³�¨!®�¥B¬�§�ª «!§	¬�®=§�±t®�«!·B¾
«!¨�³'² «kªg»�°1¥Hªg¿N¥)¥H¬�·3§	¨!¥)¶H©$¨!¥)®)¸KÀd®�³A² ¥)®�©$¨kª�­X§�¬$¥u¿h§	©$¨�½V¨�«!ÁR¥uª §
¶D² ¥�³'ª ¥e³n¯/² §	Â'².³�·�ª º ³�ª�«�®9³'°$¨!¥Bª §u¶)§�·S°$«!¬�¥Sª º ¥B°1¥H®"ª6§'±X°1§�ª º
¿h§�² ¨�½�®)Ã º ³�¦	¥Zª º ¥�³'°$«!¨!«!ªg»3ª §9Ä$¬F½B«!¬
ª ¥H² ¥)®"ª «!¬$Â6®"ª�² ©$¶Hª ©/².³�¨1·3§'ª «!±&®
¿i«kª º «�¬V³l¯�² §'ª ¥)«!¬�­t³�¬$½Uª º ¥)¬�­8©$®�«!¬$Âlª º §	®�¥e·3§�ª «k±?®S³�¬F½z³l¯/² §�¾
ª ¥H«�¬�´ ®X³�·3«!¬$§9³'¶)«�½e®�¥�µ
©�¥)¬$¶)¥�­c¶)§	¬�®"ª�² ©$¶HªN³�¬e³�¨!«!Â	¬�·3¥)¬
ªN°1¥Hªg¿N¥)¥)¬
¯/² §�ª ¥)«!¬�®Bª º ³'ªB¶�³�¬Y°1¥G©$®�¥)½yª §U½�¥Hª ¥H² ·3«!¬�¥nª º ¥n®�«!·3«�¨�³�² «!ªg»y°1¥H¾
ªg¿N¥)¥H¬G·3§	¨!¥)¶H©$¨!¥)®)¸8Åv¬�ª º «!®X¯$³�¯1¥H²N¿h¥=¯�² ¥H®�¥)¬
ªN¿N§'² Á�ª º ³'ªX«!®i³'°$¨!¥
ª §y¯/² §'¦c«�½�¥l®�©�¶ º ±&©$¬�¶Hª «!§	¬F³'¨!«!ªg»
¸MÆt»I³�½$½/«�¬�Ây½�§�·�³�«!¬�¾,®�¯1¥)¶)«kÄ$¶
¥DÇ/ª ¥H¬$®�«!§	¬�®eª §y³C¯/² ¥)¦c«�§�©$®�¨k»�½�¥)¦R¥H¨�§�¯1¥�½J®�©$°�®"ª�² ©$¶Hª ©/² ¥u·3«!¬$«!¬$Â
³'¨!Â	§�² «kª º ·ÉÈ Êc­vË/­"Ì�Íc­"Î	Ê�ÏX§�©�²Z¿N§�² ÁG·�³�ÁR¥)®iª º ¥�±?§�¨!¨�§�¿i«!¬$Ân¶)§	¬
ª�² «k¾
°�©�ª «!§	¬�®Xª §S² ¥)®�¥�³�² ¶ º «!¬Gª º ¥=¯�² §'ª ¥)«!¬l½�§�·�³�«!¬�Ã

Ð ¸ ¹Nº ¥A³'°$«!¨!«kªv»Vª §zµ
©$«!¶DÁc¨k»V³�¬$½Y¥HÑB¶)«!¥)¬
ª ¨!»VÄF¬$½V¨!§
¶�³'¨=®�©$°/¾
®"ª�² ©$¶Dª ©�² ¥)®X¿i«kª º «!¬l³S¯/² §�ª ¥)«!¬n·3§	¨!¥)¶)©�¨�¥�¸

Ì
¸NÒI«kª º ª º ¥�«!¬$¶H¨�©�®�«!§	¬u§'±~°$«!§	¨!§�Â	«!¶�³�¨�®�¥�µ
©$¥)¬�¶)¥=«!¬�±&§�² ·�³�ª «�§�¬�­
ª º ¥�³'°$«!¨!«kªv»Gª §B³�¨!«!Â	¬A¨!§
¶�³�¨�®�©�°$®"ª�² ©�¶Hª ©�² ¥)®Xª §3½/¥Hª ¥H² ·3«!¬$¥=³
Â	¨!§�°F³�¨�³�¨!«!Â	¬�·3¥)¬
ªd°1¥Dªv¿N¥H¥)¬G¯/² §�ª ¥)«!¬u·3§�¨�¥H¶)©$¨!¥)®)¸

Îc¸ ¹Nº ¥T«!¬$¶)§'² ¯1§�².³'ª «!§�¬Ó§�±B³V¬�¥H¿�¶)¨�³'®�®�«!Ä$¶�³'ª «!§�¬Ó±?§'²A³�·3«!¬$§
³�¶H«:½/®�°$³�®�¥�½u§�¬\¯ º »�®�«!§'¾g¶ º ¥H·3«�¶)³�¨�¯�² §	¯1¥D²�ª «�¥H®dª º ³�ª=³'¨!¨�§�¿i®
±?§'²A¯F³�²�ª «:³'¨�·�³'ª ¶ º «!¬$ÂY³�¬$½K¯$³'²�ª «�³�¨9³�¨!«!Â	¬�·3¥)¬
ªl°1¥Hªg¿N¥)¥)¬
·3§	¨!¥)¶H©$¨!¥)®)¸

2. RELATED WORK AND BACKGROUND

2.1 Sequence Alignment¹Nº ¥=«�½�¥�³6§�±~©�®�«�¬�ÂB³'¨�«!Â�¬$·3¥)¬
ªNª §3½/¥Hª ¥H² ·3«!¬$¥d¯�² §'ª ¥)«!¬G®�«!·3«!¨:³�² «kªv»
«!®�¬$§'ªe³T¬�¥H¿Ô§	¬$¥�¸EÕ8² §�Â�².³'·3®e¨!«!ÁR¥lÆhÖ�À=× ¹ È Ð�Ø Ï=³�¬$½Y«kª ®B² ¥H¾
Ä$¬$¥)·3¥H¬cª ®�Õt×/Å,¾gÆNÖ�À�× ¹ ³�¬$½UÂR³'¯$¯1¥�½UÆNÖ�À�× ¹ È Ð)Ù Ï º ³�¦R¥3°1¥)¥)¬
©�®�¥�½lª §G³'¨�«!Â�¬U¯�² §'ª ¥)«!¬$®<°$³�®�¥�½A§	¬Aª º ¥)«k²�³'·3«!¬$§e³�¶)«�½\®�¥�µ
©$¥)¬�¶)¥	¸
ÒJ«!ª º ª º ¥>¶)§�·3¯$¨!¥Hª «!§	¬9§�±�ª º ¥>Ú�©$·�³'¬9Û�¥)¬$§�·3¥NÕ~² §'Üv¥)¶HªiÈ Î Ù Ï�³�¬F½
§'ª º ¥H²hÂ	¥)¬�§	·3¥i·�³�¯�¯$«!¬$Â�«�¬�«kª «:³�ª «!¦R¥)®)­cª º ¥H² ¥i«!®h§�°c¦/«!§�©$®�¨k»3³<Â�² ¥)³'ª
¬�¥)¥�½<±?§'²8®�©$¶ º ³'¬S³'¨!«�Â�¬$·3¥)¬
ª~·3¥Dª º §c½�¸�Ú�§�¿h¥)¦R¥H²�­�ª º ¥t¬c©$·S°1¥D²�§'±
¬�¥H¿r¯/² §�ª ¥)«!¬A®"ª�² ©$¶Hª ©/² ¥)®�«!®=Â'² §�¿i«�¬�Ân¥H¬$§�² ·3§�©$®�¨k»A³'®�¿N¥)¨!¨�¸ ¹Nº ¥
Õ~² §�ª ¥H«�¬VÝ<³�ª.³TÆN³'¬$ÁJÞ�Õ8Ý<ÆXß�È Î'Ïi¶)©/²�² ¥)¬
ª ¨!» º §	¨�½/®S§�¦R¥H²eÌ�Ìc­ à	à�à
¯/² §�ª ¥)«!¬3®"ª�² ©�¶Hª ©�² ¥)®>³'¬F½S«!®8Â�² §�¿i«!¬$Â�°
»6³�¨!·3§	®"ªtá�­ à	à�à<®"ª�² ©$¶Hª ©/² ¥)®
¥H¦R¥H²�»�»
¥�³�²�¸
â ©�¶ º «�¬/±?§'² ·�³'ª «!§	¬I³'°1§	©/ª3ª º ¥l®"ª�² ©$¶Dª ©�² ¥u§'±<¯�² §'ª ¥)«!¬$®�¶�³�¬�°1¥
±&§	©�¬F½y«�¬zª º ¥l×cª�² ©�¶Hª ©�².³'¨iãh¨�³�®�®�«kÄF¶)³'ª «!§	¬J§'±=Õ~² §�ª ¥H«�¬�®lÞ,×$ãXä=Õtß
½�³'ª.³'°F³�®�¥YÈ Î�á�Ï�¸ ¹Nº ¥C×�ãXä=Õå½$³'ª.³'°F³'®�¥U¯�² §�¦c«�½�¥)®næR³V½�¥Hª.³'«!¨�¥)½
³'¬F½u¶)§�·3¯�² ¥ º ¥)¬$®�«!¦R¥9½/¥)®�¶H² «!¯�ª «!§	¬A§'±>ª º ¥�®"ª�² ©$¶Hª ©/².³�¨~³'¬F½u¥)¦R§�¨!©�¾
ª «!§�¬F³'²�»n² ¥)¨�³'ª «!§	¬�® º «!¯$®d§�±8¯/² §�ª ¥)«!¬$®)­ æ3«!¬$¶H¨�©$½�«!¬$Â3«!¬/±?§�² ·�³�ª «!§	¬l§	¬
³B¯/² §�ª ¥)«!¬�´ ®Z®�¥)¶)§�¬F½�³'²�»l³'¬F½nª ¥D²�ª «:³�²�»u®"ª�² ©�¶Hª ©�² ¥	¸ ¹Nº «!®Z«�¬/±?§'² ·�³'¾
ª «!§�¬�«!®3½�¥D² «�¦	¥�½V°
»Cª º ¥G¦c«!®�©F³'¨Z«!¬�®�¯1¥)¶Hª «!§	¬V§�±dª º ¥G¯/² §�ª ¥)«!¬�®3«�¬
ª º ¥SÕ8Ý<Æd¸ ¹Nº ¥B×�ãXä=ÕI½$³�ª.³�°F³'®�¥S«!®<³�²�².³�¬$Â�¥�½l«!¬cª §�±?§�©�²=½�«kçP¥H²�¾
¥H¬cª º «!¥H².³�² ¶ º «!¶�³�¨F¨!¥)¦	¥)¨!®)Ã>ãh¨�³�®�®)­�è$§	¨�½P­/×/©�¯1¥H²�±�³'·3«�¨k»S³�¬$½3èF³�·3«!¨k»
¸
Õ~² §�ª ¥H«�¬�®�«�¬yª º ¥n® ³�·3¥uãh¨:³'®�®�® º ³'² ¥G®�«�·3«!¨�³'²�®�¥H¶)§	¬$½$³'²�»y®"ª�² ©�¶H¾
ª ©/² ¥�«�¬/±?§'² ·�³'ª «!§	¬�­F¿ º «!¨!¥6¯/² §�ª ¥)«!¬�®Z¿i«kª º «!¬uª º ¥9® ³'·3¥�è$§	¨�½ º ³�¦	¥
®�«!·3«!¨�³'²<®�¥H¶)§	¬$½$³'²�»A®"ª�² ©�¶Hª ©�² ¥H®dª º ³�ª<³�² ¥S³�²�².³�¬$Â�¥�½A«�¬lª º ¥6® ³'·3¥
ª §�¯1§	¨!§	Â�«!¶�³�¨>¶)§	¬/ÄFÂ�©�².³'ª «!§�¬�¸<Õ~² §�ª ¥H«�¬�®�¿i«kª º «!¬lª º ¥9® ³�·3¥S×/©�¯1¥H²�¾
±?³�·3«!¨k»A® º §�¿�¶)¨!¥�³�²�®"ª�² ©$¶Hª ©/².³�¨ º §�·3§	¨!§	Â'»\³�¬$½\¯/² §�ª ¥)«!¬$®=¿i«kª º «�¬
ª º ¥�® ³�·3¥�èF³'·3«�¨k»n¥HÇ º «!°$«kª�³BÂ�² ¥�³�ª=½/¥�³�¨�§�±>®�¥�µ
©$¥H¬$¶)¥�®�«!·3«!¨:³�² «kªv»
³'¬F½u³�² ¥=ª º §�©$Â º ªXª §B°1¥�¥)¦R§	¨!©/ª «�§�¬F³�² «�¨k»n² ¥)¨�³'ª ¥�½P¸

2.2 Structure Alignment¹Nº ¥H² ¥ º ³�¦R¥X°1¥)¥)¬�³<¬c©$·6°1¥H²8§�±�·3¥Hª º §c½�®8¯�² §�¯1§	®�¥�½Bª §<¶)§�·3¯F³�² ¥
¯/² §�ª ¥)«!¬y®"ª�² ©$¶Dª ©�² ¥)®)¸T×c§	·3¥3·3¥Hª º §c½�®9¶)§	·3¯$³'² ¥3ª º ¥�®�¥)¶)§�¬F½�³'²�»
®"ª�² ©�¶Hª ©�² ¥H®h§�±�ª º ¥i¯/² §�ª ¥)«!¬$®)éc§'ª º ¥H² ®tª�²�»Sª §9³�¨!«!Â	¬e¯�² §'ª ¥)«!¬$®h°$³�®�¥�½
®�«!·3¯�¨!»6§	¬6ª º ¥)«k²>°F³'¶DÁc°1§	¬�¥X¶)§	¬/ÄFÂ�©�².³'ª «!§�¬�¸8À�¬c©�·S°1¥H²~§'±P¯$©�°$¨!«!¶

ª §
§	¨!®B¥DÇ�«!®"ª9ª º ³�ªS¯/² §'¦c«�½�¥�®�§�·3¥eªg»�¯1¥3§'±d³�¨!«!Â	¬$·3¥H¬cªDê�®�«!·3«�¨�³�² «!ªg»
±?©�¬$¶Hª «!§�¬�­�«�¬�¶)¨!©F½/«�¬�ÂBÝdÀ�Ö�Å.­$× ¹NëXì ã ¹ À�ÖU³'¬F½uÖ�ä<ãhíB¸FÀK°�² «!¥H±
½�¥H®�¶H² «!¯�ª «!§	¬u§'±8¥�³�¶ º ±&§	¨!¨!§�¿i®)¸
ÝdÀ�Ö�ÅhÈ Ì Ð ÏP«!®h°$³�®�¥�½3§�¬Bª º ¥Z³�¨!«!Â	¬�·3¥)¬
ªh§'±�ªg¿N§'¾v½/«!·3¥)¬$®�«!§	¬$³�¨1½/«!®"¾
ª.³�¬�¶)¥�·�³�ª�² «!¶)¥)®)­c¿i«kª º ª º ¥�·�³'ª�² «kÇ3¦�³�¨!©�¥)®h² ¥)¯/² ¥)®�¥)¬
ª «!¬$Â�ª º ¥=½/«!®"¾
ª.³�¬�¶)¥)®�°1¥Hªg¿N¥)¥)¬\ª º ¥Bîhïy³'ª §	·3®<§'±X³G¯/² §�ª ¥)«!¬�¸ ¹Nº ¥3³'¨!Â	§�² «kª º ·
³'ª�ª ¥H·3¯�ª ®3ª §CÄF¬$½�¯F³�ª�ª ¥H² ¬$®�§�±9®�«!·3«!¨�³'²l½/«!®"ª.³�¬$¶H¥)®e¿i«kª º «�¬Jªg¿N§
·�³'ª�² «!¶)¥H®)¸ ¹Nº ¥)®�¥i¯$³'ª�ª ¥H² ¬�®8³'² ¥X¶)§�·S°$«!¬�¥�½9¿i«kª º ª º ¥N«!¬cª ¥H¬cª «!§�¬B§�±
·�³'Ç/«!·3«!ð)«!¬$Âeª º ¥B¬c©$·6°1¥H²=§'±i³'ª §�·3®�³�¬$½T·3«!¬$«!·3«!ð)«!¬$Âeª º ¥S² §
§'ª
·3¥�³'¬z® µc©$³'² ¥n½�«!®"ª.³�¬�¶)¥UÞ ë�â ×/Ý<ß�°1¥Hªg¿N¥)¥H¬yª º ¥)·u¸\Ý�ÀdÖ�Å�³'¨�®�§
©$®�¥H®B³ â §	¬
ª ¥nãN³'² ¨!§\§	¯�ª «!·3«!ð�³�ª «�§�¬EÈ Î	Ì�ÏXª §l¯/² ¥)¦R¥)¬
ª�ª º ¥n³�¨!Â	§'¾
² «kª º ·�±:² §	·ñµ
©$«!¶.Á/¨k»�² ¥�³'¶ º «�¬�Â3³S¨!§
¶�³'¨�·3«!¬$«!·S©�·u¸
¹Nº ¥e× ¹NëXì ã ¹ ÀdÖ�È Ð Ê�Ïi³�¨!Â�§�² «kª º ·ò©$®�¥H®6³'¬C«kª ¥H².³'ª «!¦R¥e½c»�¬$³�·3«!¶
¯�² §�Â�².³'·3·3«�¬�ÂuÈ Ì�Ï8³'¯$¯/² §R³�¶ º ª §�³'¨�«!Â�¬Aªg¿N§3¯/² §�ª ¥)«!¬$®)¸ ¹Nº ¥<¯�² «!¬/¾
¶)«!¯F³'¨d°1¥ º «!¬F½zª º ¥G³�¨!Â	§'² «!ª º ·ó«!®�ª §T·3«!¬$«!·3«!ð)¥nª º ¥ ë�â ×/Ýô°1¥D¾
ªv¿h¥)¥)¬Cªg¿N§l¯�² §'ª ¥)«!¬C°F³'¶DÁc°1§�¬$¥)®)¸uè�«!² ®"ª�­~ª º ¥e½�«!®"ª.³�¬�¶)¥�°1¥Hªv¿h¥)¥)¬
³�¨!¨8îhïA¶�³�² °1§	¬�®�«!®d¶H§	·3¯$©/ª ¥�½�¸ ¹Nº ¥)®�¥6½�«!®"ª.³'¬$¶)¥)®�³'² ¥�¶)§�¬/¦	¥H²�ª ¥�½
«!¬
ª §T³l®�¶)§'² «!¬$Â\·�³'ª�² «kÇP¸C×
ª.³�¬$½$³'².½z½c»/¬F³�·3«!¶�¯�² §�Â�².³'·3·3«�¬�Âl«!®
¥)·3¯�¨�§�»
¥)½Sª §9¶H§	·3¯$©/ª ¥Xª º ¥i§	¯/ª «�·�³'¨1³�¨!«!Â	¬�·3¥)¬
ªN§'±�ª º ¥Zªg¿N§�¯�² §'¾
ª ¥)«!¬$®)¸�×/«!¬$¶)¥9ª º ¥9®�§	¨!©�ª «!§�¬\ª §�ª º «!®=³'¨!Â	§�² «kª º ·�½�¥)¯1¥H¬F½�® º ¥�³�¦c«!¨k»
§	¬Aª º ¥6®"ª.³'²�ª «!¬$Âu³�¨!«!Â	¬$·3¥H¬cª ®�§�±hª º ¥6ªg¿N§G¯/² §�ª ¥)«!¬�®)­�®�¥)¦	¥H².³�¨>½�«k±:¾
±?¥D² ¥)¬
ªd®"ª.³�²�ª «!¬$ÂB¶)§�¬�Ä$Â	©�².³�ª «!§	¬$®d³'² ¥<©�®�¥�½�¸
Ö�ä<ãhíñÈ Î	Í�Ï8³'ª�ª ¥H·3¯�ª ®Nª §3³'¨�«!Â�¬l¯�² §�ª ¥H«�¬�®d°
»e©$®�«!¬�Â º «!¥H².³�² ¶ º «�¶)³�¨
®"ª�² ©$¶Dª ©�² ¥e®�©$¯1¥H² ¯1§�®�«!ª «!§�¬�¸yÀ�¯/² §�ª ¥)«!¬V«�®S½�¥)¶H§	·3¯1§	®�¥)½y«!¬
ª §A«kª ®
®�¥)¶)§�¬F½�³'²�»V®"ª�² ©$¶Hª ©/² ¥)®)­h¿ º «!¶ º ³'² ¥G² ¥H¯�² ¥)®�¥)¬
ª ¥�½V³�®�³\®�¥H² «!¥)®�§�±
¦R¥)¶Dª §�² ®)¸TÀ�®�¶)§�² «!¬�Â\·�³�ª�² «kÇC«!®S¶H² ¥)³'ª ¥�½z°F³'®�¥�½C§	¬Cª º ¥�¦R¥)¶Hª §'² ®
§�±�ª º ¥iªv¿h§�¯�² §�ª ¥H«�¬�®h°1¥)«!¬�ÂS³'¨�«!Â�¬$¥�½P¸8Ý�»/¬F³�·3«!¶i¯�² §�Â�².³'·3·3«�¬�Â<«!®
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3.2.1 Variable ResolutionªU�$
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Ê�¼e¹�º6Ë
ú�Ë M3NQP�F
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3.4 Global Alignment
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Æe¼�Ë
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¼�¿�¾�Á�È�¹
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Æ6¿�¾�Ã&Å
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È�¼�¹
¼�½¡¿�ºMÁ�¸�¹�¸�É�¾�¸�Æ6¿�¾8Ã&Å
Ò�Ã�º&½MÅ
Æ�ºMÅ3½M¼eÃeË ä »�Á�È�»�ÐR¾�¼eÂ�¼e¾.Í�½M¼�Ã&¼e¹�º¡¿�ºMÁ�¸�¹
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S�Ë
ÌP¹nºM»�¼rÁ�Ç�¼6¿�¾�Æ6¿�Ã&¼�Î�ºM»�¼�Ã&Å
Ò
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Ê Ñ ¸�Å�¾�Ç
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º@Á�¹�ºM¸�Ê�¼eÊ�¸�½&Ï�Ë
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¿�ºpºM»
¼�¾�¸�Æ6¿�¾�Ã&Å
Ò�Ã�º&½MÅ
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¸�ºM¼ Ñ »
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Å�º
Ç�¸®¹�¸�º�Æe¸�¹�º¡¿�Á�¹÷¼�å�¿�Æ�ºM¾yÏ�ºM»
¼�ÃM¿�Ê�¼�ºPÏ3Í$¼eÃp¸�É ¿�ºM¸�Ê�Ã ß ºM»
Á�ÃpÆ6¿�¹
¸�ÆeÆeÅ3½pÇ�Å
¼�ºM¸+½M¼eÆeÅ3½MÃ&Á�Â�¼�ÉKÅ�]�]�Ï�»#¿�Ã&»
Á�¹
È�ã�Ë�ç�»�Å
ÃeÎtÁyºpÁ�Ã_Í$¸�Ã&Ã&Á�Ò�¾�¼
ÉK¸�½<¿nÃ&Á�¹
È�¾�¼�¿�ºM¸�Ê Á�¹�¿�¹�¿�ºM¸�Ê�Ã&¼�º�ºM¸�¿�¾�Á�È�¹ Ñ ÁyºM»�Ê�Å�¾yºMÁ�Í�¾�¼�¿�ºM¸�Ê�Ã
Á�¹+ºM»
¼ ¸�ºM»
¼�½ ¿�ºM¸�Ê�Ã&¼�ºMÃ�Á�¹+ºM»�¼ É�¿�Ê�Á�¾yÏ�Ë�ý
¸�½�¼�å
¿�Ê�Í
¾�¼�Î3È�Á�Â�¼�¹+ºM»
¼
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¼_ºM¸�Í®º¡¿�Ò
¾�¼�¸�É�çw¿�Ò�¾�¼ è Î$ºM»
¼�½M¼
Á�Ã�¿�ÊpÒ
Á�È�Å�Á�ºDÏ Ñ »
¼�¹k¿�¾�Á�È�¹
Á�¹
È@¿�ºM¸�Ê^��Ë�ÌDº�Æ6¿�¹k¿�¾�Á�È�¹ Ñ Á�ºM»�¼eÁyºM»
¼�½
¿�ºM¸�Ê_�)`�¸�½�¿�ºM¸�Ê ø�Ë
ÌP¹�¸�½¡Ç�¼�½�ºM¸_Ã&¸�¾�Â�¼�ºM»�Á�Ã/Í�½M¸�Ò
¾�¼eÊAÎ�ºM»
¼<Ã&Å
Ò�Ã�º&½MÅ
Æ�ºMÅ3½M¼eÃ�¿�º/ºM»
¼<¹
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¾�¼eÂ�¼e¾�¿�½M¼�È�¼e¹
¼�½¡¿�ºM¼6Ç_ºM¸�Ã&¼e¼�ÁyÉ
ºM»
¼�Ï ½M¼eÃ&¸�¾�Â�¼�ºM»
¼�¿�ÊpÒ
Á�È�Å�Á�ºDÏ�Ë à Á�¹
Æe¼

R�Ì6a3�'�!� ò â�"�â�ºM»+Ü(¸�½Z�3Ã&»�¸�Ík¸�¹��_¿�º¡¿K�+Á�¹
Á�¹
È�Á�¹�R�Á�¸�Á�¹�ÉG¸�½MÊ�¿�ºMÁ�ÆeÃ ß Ñ ÁyºM» à Ì�î3�'�!�oö�¸�¹�ÉG¼�½M¼e¹
Æ�¼�ã Í#¿�È�¼�ú



bdcLe%fIgZhjiIkYl�f�monZcop\q6r0s-mLhjt�gZu�vWh�r+nZc@u-wxu-yzs�{Kc@w�u�s�r�c@|�q}u%wx~Yu-{Kt�u%w�h�w5nZq!�js-w�|x���BmLh�y�n+�Js�w�|�~Yu-{Kt�u%w�h�w5nZq!�js-w�|����QgZcLe%�5n+�+�

� ~YmLf�qWnZh�gZq
� ���
� �j� ��� �)� ��� �D� ��� ��� ��� �d� ��� �}�%�-~O� �;� ��� l=� bY� ��� ��� �'�
� ���
� �
� ��� �J� �
� ���%���
� �)� ��� �d� ��� �}�-�-~O� �+� �z� l=� bY� ��� �)� �j�
� ���j� �j� ��� �D� ��� ���-����� �)� ��� �d� ��� �}�%��~O� � � �j�%�0�+� �z� l=� bY� �j�
¡ ���
� �Y�%���j� ��� ��� ���%�0��� �)� ��� �¢� ��� �}�-�-~O� �+� ��� l=� bY� �j�-����� �
�
i ���
� �Y�%�0�
� ��� ��� ���%�0��� �)� ��� �}�-�-~O� �+� �z� l=� bY� �j�-�-��� �7�-����� �
�
£ ���j� �7�-���j� ��� �
� ���-���
� ��� ��� �}�%�-~D�-�-��� �Y�%���;� �z� l=� bY� �'�%�0� � �j�
¤ ���
� �Y�%�0�
� ��� ��� ���%�0��� �)� ��� �}�-�-~D�%����� �7�-���+� l=� �j�-���z� bz�¥����� �
�

�Gs-¦�mLh��-k9�!p[l�h0s�w�qDr�mLf�qWnZh+gZc@w�e�u-yzs�{KcLw�u�s�r�c@|�q}¦�s�q6h0|�u-w�{)f�mLnZcopU|�cL{Kh�w�q6cLu%w�s�m�q6r0s-mLcLw�e

b�s-{KcLmo§x� b�s-{KcLmo§��
�O¨J~Y� �3¨J~Y�
�
© ¨O© ~O© �)© �j© ¨O© ~O© �J©

�ªh�«¥h�m��

b�s-{KcLmo§¬�
�3¨J~Y�!b
�j© ¨O© ~O© ��© bY©
�ªh�«¥h�m ¡

�Gs-¦�mLh���k��O{�¦�cLe%f�con[§=¦�h�n[­Yh�h�w�b�s-{KcLmLcLh�q��®�Uw®nZ��h¯�-pUs�nZu%{Kq6h�nZq��
s�nZu%{°�±r0s�w�t�u%q6q6cL¦�mo§�s-mLcLe%w�­DconZ�Ks�nZu-{Kq��)©¥s�w�|��J�%¨9§)e�gZu0­Dc@w�e
nZ��hjs�nZu-{Kq6h�nZq7nZu)nZ��h'w�h�²�nJmLh�«¥h�mB��nZ��h's�{)¦�cLe-f�con[§�cLqJgZh�q6u%mL«¥h0|��

nZ��hzs�nZu%{³q6h0´5f�h�w�r�h�q#u-y�b�s�{KcLmL§!�J|�coµ�h�g0��con#­Dc@mLm5w�u-nª¦�hzh+²�t�s-w�|�h0|
s�nOnZ��h'w�h�²�nDmLh�«¥h�mX�7�7��hjs�nZu%{Kq6h�nZq}u-yzb�s�{KcLmL§¬��¶�·B¸Q¸ª¦�h'f�q6h0|�c@w
nZ��h'w�h�²�nDmLh�«¥h�mX����u0­7h�«¥h�g0�Y�}y�nZh+g}nZ��h!w�h+²In}qWnZh�t�u-y¢nZ��h!nZ��h'q6f�¦Ip
qWn6gZf�r�nZf�gZh�|�cLq6r�u�«¥h+g6§®t���s-q6h%�zq6f�t�t�u%q6h�b�s�{Kc@mo§¹��w�u0­ºr�u-w�n;s�cLw�q
nZ��hKs�nZu-{»q6h0´5f�h�w�r�h�q3q6��u0­Dw�cLw=nZ��h)¦�u�n6nZu%{¼n;s�¦�mLh�u-y7�ds-¦�mLh¯���
�7��h�gZhjcLqOw�uKm@u-w�e-h�g!s�w5§�s�{)¦�cLe-f�con[§5�z�½r0s�w�s-mLcLe%w�­DconZ�x�)©�s-w�|
b³­Dc@mLmDs�m@cLe-w¹­DconZ��bY©@���Uw¾nZ��cLq�{¯s-w�w�h�g0�¢nZ��h�s�{)¦�c@e-f�con[§�cLq)gZh�p
q6u-mL«¥h0|#�'�Oq!q6��u�­Dw�cLw=bdc@e-f�gZh ¤ ��nZ��h�s-mLcLe%w�{Kh�w5n!tIgZh�t�gZu5r�h�q6q6c@w�e
s�mLe%u-gZconZ��{»gZf�w�q3f�w5nZcLmdnZ��h�gZhKs�gZh�w�u�s-{�¦�cLe%f�u%f�q!q6f�¦�qWn6gZf�r�nZfIgZh�q
¦�h+n[­7h�h�w'nZ��h�{Ku%mLh�r�f�mLh�qGu�gdf�w5nZcLm-nZ��h9tIgZu%e�g;s-{¿gZf�w�q#u%fIndu�y�{Kh�{�p
u�g6§5��­D��cLr+��h�«¥h�g!r�u%{Kh�qOÀ�gZqWn0�)Á3w�r�h
nZ��cLq!t�u-c@w5n'cLq!gZh0s�r+��h0|#��nZ��h
s�q6q6h�{)¦�mo§�u-y�nZ��hOs�mLc@e-w�{Kh�w5n9¦�h�n[­Yh�h�w�nZ��h}{Ku-mLh�r�f�mLh�q9r0s-wK¦�h�e%cLwª�

Initial Alignment Assembly
�Â��h�w!nZ��hYs�m@cLe-w�{Kh�w5nªt�gZh�tIgZu5r�h�q6q6cLw�eOs-mLe%u�gZconZ��{ÃÀ�w�cLq6��h�q���­YhYs�gZh
mLh�yÄnO­DconZ��n[­7u)t�u%q6q6cL¦�mLhjr0s-q6h�q��Y�Uw�nZ��hOÀ�gZqWnDr0s�q6h%��nZ��h's-mLe%u�gZconZ��{
cLq�s-¦�mLh�nZu=À�w�cLq6�¹­DconZ��u-f�n�s-w5§�s-{�¦�cLe%f�con[§¹s-{Ku-w�e=nZ��hxs�nZu-{�p
q6h+nZq����±��h�w=nZ��c@q
u5r�r�fIgZq���s-mLm9u-yJnZ��h¯s�nZu%{Kq6h�nZq
s�n�nZ��h���cLe%��h�qWn

mLh�«¥h�m�gZh0s�r+��h0|�¦5§¯nZ��h!q6f�¦�qWn6gZf�r+nZf�gZh!e-h�w�h�g;s�nZcLu%w�s-mLe-u-gZconZ��{Å�BcB� h%�
nZ��h�mÄs�gZe%h�qWn¯yÄgZh0´5f�h�w5nKq6f�¦�qWn6gZf�r+nZf�gZh�qK|IcLq6r�u�«¥h�gZh0|���s�gZh�f�q6h0|Æs�q
nZ��h)¦�s-q6cLq'yQu�g�nZ��h�qWn;s�g6nZcLw�exs-mLcLe%w�{Kh�w5n0�¯�7��cLq
c@qjr�u-w�q6c@|�h+gZh0|¬nZu
¦�h¯Ç�È-É;ÊKË%¸dË-ÌZÌ�Í+Ê�Î�¸ Ï-�!�7��h
u-nZ��h�g!r0s�q6h)u5r�r�f�gZqO­D��h�wxnZ��h�s-mLe%u�p
gZconZ��{³gZf�w�qGu%f�ndu-y�{Kh�{Ku-g6§'¦�h�y�u-gZhYgZh�q6u%mL«�c@w�e!s�m@mIu-y�nZ��hYs-{)¦�cLe%f�p
conZcLh�qD¦�h�n[­Yh�h�w�s�nZu%{Kq6h+nZq'�BcX� h%�9s�nZu%{Kq6h�nZqJr�u-w5n;s-cLw�h0|�cLw�nZ��h!qZs-{Kh
s�nZu-{Kq6h�n!yQs-{KcLmo§�|Iu�w�u-n'��s0«¥h)h�²�s�r�nZmo§xnZ��h)qZs�{Kh�s�nZu%{¼nU§�t�h�q;�+�
�±��h�w�nZ��c@qJu5r�r�f�gZq���nZ��h!s�mLe%u-gZconZ��{ÐcLqDqZs-c@|�nZu�qWn;s�g6nD­DconZ�KÑ�È-ÉWÒ;ÍZÓ
Ë-ÌZÌ�Í+ÊKÎ�¸ Ï��¬¨Yh�y�u-gZh�s�q6q6h�{)¦�mLc@w�e�nZ��h¯s�m@cLe-w�{Kh�w5n0�¢nZ��h¯s�mLe%u-gZconZ��{
s�n6nZh�{Kt�nZq3nZu�À�w�|�nZ��hKs�nZu-{Kq6h�n!yBs�{KcLm@cLh�q'nZ��s�nj��s0«¥h
nZ��h
yQh�­Yh�qWn
r�u-w�Ô�cLr�nZqª­DcLnZ�jnZ��hzu-nZ��h�g¢s�nZu%{Kq6h�nªyBs�{Kc@mLcLh�q�s�ndnZ��hzqZs-{KhzmLh�«¥h�m��BcLw
nZ��cLq7r�s-q6h%��nZ��h}��cLe-��h�qWnJmLh�«%h�m�gZh0s-r;��h�|�¦5§�nZ��hOq6f�¦�qWn6gZf�r+nZf�gZh}e%h�wIp
h�g;s�nZc@u-w¯s-mLe%u�gZconZ��{Õ¦�h�yQu�gZh}gZf�w�w�cLw�e3u%fInYu�y�{Kh�{Ku-g6§��+�G�7��hJnZu-n;s�m
w�f�{�¦�h�g¯u-yjr�u-w�Ô�c@r+nZq�cLq�|�h�À�w�h0|Âs�q�nZ��hxw�f�{)¦�h+g¯u-yjq6h0´5f�h�w�r�h
r�u-w�Ô�cLr�nZqz¦�h�nU­7h�h�w�s�nZu%{Kq6h+nZq9cLw)nZ��h}qZs�{Kh7yBs�{Kc@mo§5�db�u-g9h�²�s-{Kt�m@h-�
q6f�t�t�u%q6h�s-w®s�nZu%{Kq6h+n
yQs-{KcLmo§�r�u%w5n;s-cLw�h�|�nZ��h¯��pUs�nZu%{Kq6h�nZq
�3¨7~
s-w�|��3¨9�)���7��c@qDyBs�{KcLmL§�­7u-f�m@|�r�u-w�n;s�cLwxu%w�h'r�u%w�Ô�cLr�n0kYnZ��h'r�u%wIp
Ô�cLr�n�¦�h+n[­7h�h�w�s�nZu%{Kqz~®s-w�|��)�%�3cL«¥h�w
nZ��hYyQs-{KcLmo§
u-y���pUs�nZu%{Kq6h+nZq
�3¨9�±s-w�|��3�zbY��nZ��h�gZh7­Yu%f�m@|)¦�h9n[­7u3r�u%wIÔ�cLr�nZq�k�s�nZu%{Kq�¨Y�¿s�w�|
s�nZu-{Kqz�9bY���7��hDs-mLe%u�gZconZ��{^s�n6nZh�{KtInZq�nZuOÀ�w�|
nZ��hDs�nZu-{Kq6h�n�yBs�{�p
cLmLc@h�q3­DconZ�¬nZ��h
q6{¯s�mLm@h�qWn'w�f�{)¦�h+gOu�yzr�u%wIÔ�cLr�nZq's�w�|�f�q6hjnZ��h�{¼s�q
nZ��h3qWn;s�g6nZcLw�e¯s�m@cLe-w�{Kh�w5n0�

Alignment Assembly
Á3w�r�h
nZ��h)cLw�conZc@s-mzs-mLcLe%w�{Kh�w5n!��s-q!¦�h�h�w=|Ih�nZh�gZ{KcLw�h�|#��nZ��h�s-mLcLe%wIp
{Kh�w5nªs-q6q6h�{�¦�mo§!r�s-w'¦�h�e-c@w#����f�t�t�u-q6h¢nZ��s�nªnZ��h�m@s�gZe-h�qWndq6f�¦�qWn6gZf�r+p
nZf�gZh�q7yQu%f�w�|�¦�§)nZ��h!cLw�conZc@s-mªs-mLcLe%w�{Kh�w5nDs-mLe-u-gZconZ��{Ös�gZh'u-ydq6cL×�h�Ç��
�7��hjs�q6q6h�{)¦�mo§�s-mLe%u�gZcLnZ��{Öh�²�s-{KcLw�h�q7nZ��h!s�nZu%{Kq6h�nZq}s�nDmLh�«%h�mzÇ�ØWÙ
s-w�|¾|�h�nZh+gZ{Kc@w�h�qj­D��h�nZ��h�g�nZ��h�gZh�s�gZh�s-w5§®r�u%w�Ô�cLr�nZq��Bf�q6cLw�exnZ��h
{Kh0s�q6f�gZhju-yzr�u-w�Ô�cLr�n3|�h+À�w�h�|�s-¦�u�«¥h��J¦�h�nU­7h�h�wxnZ��u%q6h
s�nZu-{Kq6h�nZq��
�Uy¢nZ��h�gZhjs�gZh-��nZ��hjs�m@cLe-w�{Kh�w5nZqJ­DconZ��yQh�­Yh�g!r�u-w�Ô�c@r+nZq3s�gZh
e-cL«¥h�wxs
��cLe-��h�gDtIgZc@u�gZcon[§5�z�Ow5§Kr�s-w�|Ic@|�s�nZh3s�nZu-{Kq6h�nj�BcB� h-�9w�u%wIpUr�u%w�Ô�cLr�nZcLw�e
u-g�s®r�u-w�Ô�cLr�nZcLw�e®­DcLnZ�Âs®��cLe%�ÂtIgZcLu-gZcon[§��¯s�n¯nZ��cLq�w�h�­ÐmLh�«¥h�mOcLq

¨9�6Á3�'�!�'Ú���k���nZ���®u�gZÛIq6��u%t�u%w��'s�n;sKl�cLw�cLw�e)c@w�¨YcLu%cLw�y�u-gZ{¯s�nZcLr�q
�Q­DconZ���I�W�3�'�!�½~Yu-w�y�h�gZh�w�r�h�� t�s�e%hji



Ü-Ý�Þ!ß�àZß�áZâKãLä�ßOàZå�ß!ãLä�ãoàZã@æ-ç9èBß�éIãLêWàZã@ä�ë5ìJæ-çLãLë%ä�âKß�ä5àJí�áZî-â
çLß�ï¥ß�çoð\ñ�æ�àZî%âKê6ß�àZê�Ý

ò5Ý�ñxóÂñ�ôõÜ%Ý
ö�Ý�÷KødùQú�û�ñ¬ü�ý�þ\ñ#ÿ��������
� Ý Þ!ß�àZß�áZâKãLä�ß	��î-ä�
�ã���àZê}æ�âKî%ä�ë)ç@ß�ï¥ß�çoð\ñ�æ�àZî%âKê6ß�àZê�Ý

5Ý��Oß�âKî�ï%ß!æ-ä���æ�àZî-âKê6ß�àJàZå�æ�à���î%ä�
�ã���àZê��DãoàZå

àZå�ß!ß�éIãLêWàZãLä�ëKæ�ç@ãLë-ä�âKß�ä5à0Ý
��Ý���ß�áZë%ßjæ�ä���áZß�â¯æ�ãLä�ãLä�ë)æ�àZî%âKê6ß+àZê��DãoàZå

àZå�ß!ß�éIãLêWàZãLä�ëKæ�ç@ãLë-ä�âKß�ä5à0Ý��7å�ß!áZß�ê���çoàZãLä�ë
ê6ß+à���ß���î%âKß�ê7àZå�ß'ä�ß��¿ß+é�ãLêWàZãLä�ë¯æ�çLã@ë-ä�âKß�ä5à0Ý

 5Ý ñ�óÂñ�ô�Ü
!�Ý�"¯û�#�$&%('®àZå�ß!ê6ß�à}î-ízæ�àZî%âKê6ß�àZê}æ-êJàZå�ß
ë%çLî)��æ-çGæ-çLãLë%ä�âKß�ä�à0Ý

* ãLë)�IáZß,+�-/.OçLãLë%ä�âKß�ä5à�.Oê6ê6ß�â0��ç1�2.OçLë%î�áZãoàZå�â

�;å�ß��43¥ß65)æ-ë%æ-ãLä�êWàzàZå�ßJß+é�ãLêWàZãLä�ë!æ-çLãLë%ä�âKß�ä�àDèBãBÝ ß%Ý¢àZå�ß7ç@æ�áZë%ß+áJæ�àZî-â�ð
ê6ß+àZê;ì+Ý87Uí9àZå�ß�áZß�ãLêjæ-ä��9��î%ä�
�ã���à,��ß�à:�7ß�ß�ä=àZå�ß0�0æ-ä;5�ã<5�æ�àZßKæ�àZî-â�ð
ê6ß+à}æ-ä=5¯æ�ä�æ�àZî%âKê6ß�àJãLä¯àZå�ßOß�éIã@êWàZãLä�ë�æ-çLãLë%ä�âKß�ä5à�>5àZå�ß��0æ-ä;5�ã<5�æ�àZß
æ�àZî%âKê6ß�à�ã@ê�áZß�âKî�ï¥ß�5#Ý@?3ä;��ß�àZå�ã@ê)êWàZß6Aõå�æ-êB��î%âCA�ç@ß+àZß�5D>9æ-çLçJî�í
àZå�ß3áZß�â¯æ�ã@ä�ãLä�ëE�0æ-ä;5�ã<5�æ�àZß'æ�àZî-âKê6ß�àZêDæ�áZß'æ(5;5Iß�5¯àZî
àZå�ßOß�éIã@êWàZãLä�ë
æ�çLã@ë-ä�âKß�ä5à0ÝF�7å�ß�æ�ç@ë-î-áZãoàZå�â àZå�ß�äõß�é�æ-âKãLä�ß�ê�àZå�ß�æ�àZî%âKê6ß�àZêKæ�à
àZå�ß!ä�ß+éIàYçLîG�Yß�á}çLß�ï¥ß�çBÝ/�7å�ß�ê6ß3êWàZß6A�ê7áZß6A�ß�æ�à���ä5àZãLç�àZå�ß3æ-çLë%î�áZãoàZå�â
áZß�æ(�;å�ß�ê}æ)çLî��7ß�á}çLãLâKãoàDî-íHA�î�àZß�ä5àZãÄæ�çGæ�àZî%âKê6ß�àDê6ã�I�ß!àZå�æ�àDãLêDê�A�ß6��ãoð
J ß�5B���jàZå�ß���ê6ß�á0ÝK.LA�ê6ß6�=5Iî-ðM��î�5Iß�5�ß�ê���áZã�AIàZã@î-äKî-í�àZå�ßJæ-çLë%î�áZãoàZå�â
ãLê}ê6å�î��Dä�ãLä * ãLë(��áZß,+IÝ

4. VALIDATION7Uä�àZå�ß'íQî-çLç@î��DãLä�ë�ß�é�æ-âCA�ç@ß�ê6>=�7ßEA�áZß�ê6ß�ä�à}àZå�ß'áZß�ê���çoàZê3î-ízê6ß�ï%ß�á;æ-ç
ß+é�A�ß+áZã@âKß�ä�àZê�àZå�æ�à¯ê6ß�áZï%ßxæ-ê�æNAIáZß�çLã@âKãLä�æ�á���ï%æ�çLãO5�æ�àZãLî%äÆî-íjî)�Iá
ë-çLî)��æ�çdæ�ç@ãLë-ä�âKß�ä5àOæ-çLë%î�áZãoàZå�â�Ý

4.1 Alignment of FHA Domains�7å�ß *QP .R5�î%â¯æ�ãLäxã@ê!æSA�å�î-ê�A�å�î�ðMA�áZî-àZß�ã@ä9��ã@ä;5�ãLä�ëS5Iî%â¯æ�ã@ä#Ý	7\à
�7æ-êªî-áZãLë%ãLä�æ�çLç��jã<5Iß�ä5àZã J ß�5T��ê6ãLä�ëJê6ß�U���ß�ä���ßzæ-çLãLë%ä�âKß�ä�à/V ò(WGX\Ý P î��Jð
ß�ï¥ß�á�> *QP .R5�î%â¯æ�ãLä�ê}å�æ0ï¥ßjï¥ß�á���íQß��R��î%ä�ê6ß+áZï¥ß�5�áZß�ê6ã<5���ß�ê)èBî-ä�ç1�
àZåIáZß�ß9áZß�ê6ãO5���ß�ê�æ�áZßY��î-âCA�çLß�àZß�ç1�Z��î-ä�ê6ß�áZï%ß�5�ìGæ�ä=5jê6ß�U���ß�ä���ß7æ�çLã@ë-ä�ð
âKß�ä�àOî%ä�ç1�[5�ß�àZß6�+àZß�5�àZå�ßB��î-áZß�áZß�ë%ãLî%ä#ÝE\Gæ�àZß+á�>Gæ�í�àZß�á'àZå�ß�êWà6á]����ð
à]�IáZß�êxî-í *QP .^5�î-â¯æ-ãLä�ê_�Yß�áZß®ê6î-ç@ï%ß�5D>!àZå�ß=í`��çLçE5�î%â¯æ�ãLäa�7æ-ê
5Iß�âKî%ä�êWà6á;æ�àZß�5¬àZî_��î�ï¥ß�á)æ�âB���+å¬ç@æ�áZë%ß+á)áZß�ë-ã@î-ä®àZå�æ�ä�àZå�ßC��î�áZß
áZß�ë%ãLî%ä#Ý	b®ß,��ê6ß�5�î)�Iá!ë%çLî(��æ-ç�æ�çLã@ë-ä�âKß�ä5àOàZî¯æ-çLãLë%ä�àZå�ß,A�áZî�àZß�ãLä�ê
�Oæ)5;
-öjæ-ä;5ScYå;3�ò�ÝH�7å�ß}æ-çLãLë%ä�ß�5�áZß�ê���çoà7ãLêzï¥ß�á���ê6ãLâKã@ç@æ�áYàZî!àZå�î-ê6ß
î(��à;æ�ã@ä�ß�5�àZåIáZî)��ë%å�â¯æ-ä���æ�çDæ-çLãLë%ä�âKß�ä�à_VLÜ � XXÝd�7å�ß�áZß�ê���çLàZê¯æ�áZß
ê6å�î��Dä�ãLä * ãLë)��áZß�Ü6WIÝ

4.2 Alignment of Sequentially Distinct Pro-
teinse æ�ãoá6ðM�DãLê6ß�êWà6á]�;��à]�Iá;æ-ç9æ-çLãLë%ä�âKß�ä�à
ë-ß�ä�ß�á;æ�àZß�ê�æ�ä���âB��ß�á'î�í�A�î%êWð

ê6ã���ç@ß
ê6ß�U���ß�ä;��ß
æ-çLãLë%ä�âKß�ä5àZê}àZå�æ�à3æ�áZßjï¥ß�á���å�æ�áf5�àZî¯æ-çLãLë%ä9��ê6ãLä�ë
g ��êWàjæ¯ê���î�áZã@ä�ë�â¯æ�à6áZãoé#ÝT�Gî�ë%ãLï¥ß
î%ä�ß�ß�é�æ-âCA�ç@ß(>=�7ß
íQî)��ä=5�àZå�æ�à
AIáZî-àZß�ãLä�ê�Ah5��ªÜ�æ¥òG� i±æ-ä=5jAh5��#Ü0æ �fg \�ë%ãLï¥ßjæ�ä�æ-çLãLë%ä�âKß�ä5à}î-í � +
k ð:��æ�á]��î%ä�ê�Ý2�7å�ß�ê6ßS��î�á6áZß�ê�A�î%ä;5�ãLä�ë�áZß�ê6ãO5���ß�ê
å�æ0ï¥ß�æ�ï¥ß�á��¬ê6ãLâ�ð
ãLç@æ�á)ê��;��êWà6á]�;��à]�IáZß�è * ãLë)��áZßxÜ-Ü)>¢àZî)A�ì+Ý_�7å�ß�áZß�ê���çoàZãLä�ëxê6ß6U���ß�ä;��ß
æ�çLã@ë-ä�âKß�ä5à¢î�í�àZå�ßYê�����êWà6á]�;�+à]��áZßzã@êGê6å�î��Dä�ãLä * ãLë)��áZß}Ü%Ü(>)��î�à6àZî%â�Ý
b�ß!æ�à6àZß�âCA�àZß�5�àZî�æ-çLãLë%ä�àZå�ß�ê6ß	AIáZî-àZß�ãLä�ê���æ-ê6ß65�î-ä�ê6ß�U���ß�ä;��ßOãLä�ð
í�î-áZâ¯æ�àZã@î-ä¯î%ä�ç1��>���ê6ãLä�ë'àZå�ßDê���î�áZã@ä�ë�â¯æ�à6áZã���ß�ê/iY\Q?Zl�mZ�n�¥ò8VoÜ�+�X
æ�ä=5 e .	� ò)
(WNVLÜ6W�>�Ü%Ü4XXÝ2oOß�ãoàZå�ß�ájê���î-áZãLä�ëxâ¯æ�à6áZãLép�7æ-ê�æ(��ç@ß�àZî
ë-ãLï¥ß�æq��çLß0æ�á�áZß�ê���çoà�>¢å�î��7ß�ï¥ß+á�èr�}ß�ê���çLàZê
î%âKãoà6àZß�5N5���ß�àZî�ê�A�æ���ß
��î%ä�êWà6á;æ�ãLä�àZê;ì+Ý
l�ß�U���ß�ä���ßzæ-çLãLë%ä�âKß�ä5àªå�æ-ê#às�7îJâ¯æ g î�áH5Iã�t8�6��çoàZãLß�ê6- P î��=àZî��;å�î5î-ê6ß
ê���î-áZãLä�ë®â¯æ�à6áZãoéõæ-ä;5�å�îG�_àZî=ß�êWàZãLâ¯æ�àZß�ë¥æ(AL��î%êWà0Ýu�7å�ß�ê6ß�às�Yî

* ãLë)�IáZßÕÜ6W�-vl5à6á]�;��à]�Iá;æ-ç�æ�çLã@ë-ä�âKß�ä5à¹î-í�às�Yî *QP .w5Iî%â¯æ-ãLä�ê�Ý
*QP .jÜ!î�íK�3æ(5=
-ö�èBç@ß+í�à+ìJæ-ä;5 *QP .³î-í/cYå�3�ò¯èQáZãLë%å5à+ì

* ãLë)�IáZß3Ü%Ü(-KlIß6U���ß�ä;��ßYæ�ç@ãLë-ä�âKß�ä5àdî�í=Ah5��ªÜ0æ%òG� i®æ-ä;5,Ah5��ªÜ�æ �4g \
x x ãLä=5Iã<��æ�àZß�ê}î%ä�ß!ê�A�æ���ß)> x;y4x ãLä=5Iã��0æ�àZß�êDâKî�áZß3àZå�æ�ä�ò�ê�A�æ���ß�ê

A�áZî(��çLß�âKê}ä�î¯çLî%ä�ë%ß�á'ß+é�ãLêWà3ã@äxêWà6á]����à]��áZß+ð[æ�ã<5�ß�5�ê6ß�U���ß�ä;��ß�æ-çLãLë%äIð
âKß�ä5à0ÝHb®ß	�0æ-ä�ë-ãLï¥ß'ê6î%çLã<5_A�æ�á;æ-âKß�àZß�áZêJàZî8��î%ä5à6áZî%ç�àZå�ß'ê6ãLâKãLç@æ�áZãoð
àZãLß�êzî-í�àZå�ßJêWà6á]����à]��áZß�ê9æ-ä;5)ãoí�àZå�ß�áZßJãLê9æ-ä��)ë%æ(A¯ãLä)àZå�ßDê6ß�U���ß�ä;��ß(>
ãoàxãLê�î%âKãoà6àZß�5d���±êWà6á]����à]��áZß=æ-çLãLë%ä�âKß�ä5à0Ýn�7å���ê6>'êWà6á]����à]��áZß¬ãLê
âKî-áZßj��î-ä�ê6ß�áZï¥ß65¾àZå�æ-ä¾ê6ß�U���ß�ä;��ß�ê6ãLä;��ß�æ-çLç}æ-âKãLä�î�æ(��ã<5�ê)ê6å�æ�áZß
àZå�ß	��æ(�f3���î%ä�ß'êWà6á]�;��à]�IáZß%Ý

4.3 Alignment using Physio-Chemical Proper-
tieslIãLä���ß!àZå�ß'êWà6á]����à]��á;æ�çdæ-çLãLë%ä�âKß�ä5àOæ-çLë%î�áZãLàZå�â�ãLä�àZå�ãLê�A�æ(A�ß�á���ê6ß�ê

k ðM�0æ�á]��î%ä�ê¬î%ä�ç1��>'àZå�ß¾ê6ã<5�ßz�;å�æ�ã@ä ã@äIíQî�áZâ¯æ�àZãLî%ä�ãLê¬ãLë%ä�î�áZß�5ÃàZî
ê6î%âKß¬ß�é�àZß�ä5à0Ý{7Uä¿â¯æ-ä��|AIáZî-àZß�ãLä�ê6>!å�î��7ß�ï%ß�á�>3àZå�ß=ê6ã<5�ßN�+å�æ-ãLä
A�ç@æ6�Iêzæ-äKãLâCA�î-á6à;æ�ä�à¢áZî-çLß}ãLä)àZå�ß�ãoá9æ(��àZãLï�ãoàs�5ÝK.�5;5�ãLä�ë!æ-âKãLä�î'æ(��ã<5
��î-ä�êWà6á;æ-ãLä5àZê
å�ß�ç�A�êE5Iß�í�á;æ6�¬àZå�ãLêjç@î-ê6ê)æ�ä=5�ê����+åN��î%ä�êWà6á;æ-ãLä5àZêE�DãLçLç
æ-çLê6î®å�ß�ç�A¹ã<5Iß�ä5àZãLíO�¾áZß�ê6ã<5���ß�ê)àZå�æ�àC��î-ä�à6áZã�����àZß�âKî�áZß�àZå�æ-ä g ��êWà
��æ��43���î-ä�ßjçLã@ä�3�ã@ä�ë¯ã@äxêWà6á]����à]��áZß-Ý * ß��7ß�á k ðM�0æ�á]��î-ä�êOä�ß�ß�5�àZîS��ß
æ-çLãLë%ä�ß�5q�Då�ã��;åq��ê���æ-çLç1��ê�A�ß�ß�5�ê���A�àZå�ß	A�áZî%ë�á;æ-â�Ý
.Oê�æ J ä�æ-ç�ß�é�æ-âCA�ç@ß(>%ãLä * ãLë(��áZß3Ü0ò��7ß7ê6å�î���àZå�ßYáZß�ê���çLàZê¢î�í�æ-çLãLë%äIð

i/7�?	}'Þ!ÞZW � - � àZåqb®î�á]3Iê6å�î)A�î%ä�Þ'æ�à;æC��ãLä�ãLä�ë)ã@ä_iYãLî%ãLä�í�î-áZâ¯æ�àZã���ê
è~�DãoàZå9l�7��	}'Þ!ÞRcYî-ä�í�ß�áZß�ä;��ß�ì A�æ�ë%ßE 



�����;���]��� ���H�]�(�]���<��� �;�;�����]���)�
� �(� � ���]�����������6�
� �)� ��� ���]�(�<�(���6�

�r� �����;� � �����]���;�Z���]���]���(�����f�
� �   �f�(�;��¡`���f�(�����

�r� �����;� �S¢ �<�;�(���6�f�
£ ¤ ¥�¦ ��§ �6�   �f�(�������(���

� �<���6���=���<� §8¨ � � �	���]���]�6���;�f�
© © ¥�¦ �<�����]���������f�(���

�rª � ¨�� ���]� § �6�����(�����
© © � �(���)�����]� ¦ �<�;�����

  �(�;��� ��«�  �)�_��� ¦ ���]�(�]���<�q�6���;���]���]���=�������q�(�2� ¨ �,����� § � � �6������¡
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�����]�����]���]�(¯ ª �	³D´ ���6��� § �)���8�(¡Y� ¨ � � �(���,���)�;���<����²8¸®�B�]���f�(�
����µ»���f�(�)�(¡��)���¼� ¦ �����]� � �6���]�h�;����� § ª �	³D´ ���=� ª ���<� ³ ���]� � �����f�(�;��¬
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���]� ¦ ¡~��������� ¨ ���]���]�6���j�(�=�8� ¨ �6�S�;���6���Bºq�(���]�	�Y���]���0�)���]� � ��Ê��G¬
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� ¨ � � �G���]���6�6�6²  Y¨ �_�]�6�����1�]�<� § �(��� § � � �6���j�<�C�]���]���]�;���L�(�S� ¨ �
���6���0�(��� § � � �6���,�����s­��6�6�N���]�(�]���<���6² ¥ ���E��� § �(�]�1� ¨ � ­��(� ¢ �,� �
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Î ¨ �(�;�������;�6����Ï2�(¡��S���]���]�6���&² Ç/� �)��� � �������<��� § ­��1� ¨ �;�(�1��¬Ì­������
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2.2 Feature Extraction based on the Tri-peptide
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ABSTRACT 
There is an emerging trend in post-genome biology to study the 
collection of thousands of protein interaction pairs (protein 
interactome) derived from high-throughput experiments. 
However, high-throughput protein interactome data, especially 
when derived from the Yeast 2-Hybrid (Y2H) method, have been 
generally believed to be irreproducible and unreliable, with an 
estimated high “noise ratio” of more than 50%. In this work, we 
performed a comprehensive study on approximately 70,000 
protein interactions derived from a systematic yeast 2-hybrid 
(SY2H) method. We performed a comprehensive analysis of 
biases, reproducibility, statistical significance, and biologically 
significant patterns in this data set. Surprisingly, we found these 
protein interactions have a much higher quality. The data 
represented a comprehensive survey of the entire human proteome 
with no chromosomal location bias. The reproducibility rate of 
interactions among replicated searches was quite good, i.e., at 
78.5%. The false positive rate, 5.5e-5, was two orders of 
magnitude better than that reported elsewhere. We further 
developed several statistical measures and concluded that a 
protein interaction only needs to appear in two different SY2H 
searches to become significant. We also developed techniques to 
show supporting evidence that “promiscuous” protein interactions 
were not random noises; instead, they could be “network hubs” of 
the cell signaling network. We also attributed the low noise in our 
data to the adoption of standard control in the experimental data 
generation process.  
Keywords 
Protein Interaction, Systematic Yeast 2-Hybrid, Reproducibility, 
Significance, Data Mining. 

1.INTRODUCTION 
In post-genome systems biology, the study of protein 
interactomes—comprehensive collections of all the expressed 
proteins and their interactions within cells of model organisms, 
has gained increasing popularity. Several protein interactome 
mapping projects, including those of H. pylori [1], S. cerevisiae 
[2, 3], D. melanogaster [4], H. sapiens [5], and C. elegans [6], 
have reported significant progress in recent years. In these 
projects, novel high-throughput experimental techniques, e.g., 
high-throughput yeast 2-hybrid (Y2H) screenings [7], protein 
arrays, and mass spectrometry, have been developed to measure 
physical bindings between proteins in parallel. This results in a 
steady influx of protein interaction data in the public domain. By 
understanding how proteins regulate each other through 
interaction, biologists can compile novel molecular pathway 
models, which they cannot normally derive from genomics 
techniques. The collection of thousands of protein interactions 
also enable system biologists to understand protein functions in a 
molecular network context, through which they may identify 

protein biomarkers or drug targets for diagnosing and treating 
human genetic diseases [8]. 

Nonetheless, there is a prevalent belief among many researchers 
that experimental protein-protein data generated from the high-
throughput Y2H method equate to “high errors” and “poor 
reproducibility”. Much doubt about Y2H data might have 
originated from a comparative analysis by Mrowka et al [9], who 
suggested that high-throughput Y2H experiments may have a 
false positive rate of greater than 50%. In a similar study, Bader et 
al analyzed high-throughput protein interaction data obtained 
from several sources and also concluded that these methods do not 
show enough internal consistency to warrant complete acceptance 
of the result [10]. Even more grim opinions exist [11]. Whether 
perceived or real, the high data “noise” has presented immense 
challenges for computational scientists to “mine” for biologically 
significant protein interactions and for biologists to trust data 
mining results from these efforts. Therefore, an imminent question 
for any researcher who will study the protein interactome data 
becomes,  

(1) Can I trust the high-throughput protein interactome data 
at all?  

(2) If so, how do I mine for significant protein interactions? 

In this work, we restore confidence in high-throughput protein 
interactome data and the mining efforts, by investigating the 
biases, reproducibility, statistical significance, and functionally 
significant patterns of a human protein interactome data set. This 
data set consists of approximately 7,500 human proteins and 
70,000 protein interactions, which was generated from a high-
throughput Systematic Yeast 2-Hybrid Method (SY2H, refer to 
the Method section) [5]. Some of us have been curating and 
applying this data to biological discoveries for two years. We will 
show that by using a systematic method (SY2H), in which 
experimental conditions are enforced by standard protocols and 
the same robots, one can achieve reasonably good data 
reproducibility, keep false positive rate low, design reliable 
statistical hypothesis tests, discover statistically significant 
“interaction network hub proteins”, and identify biologically 
significant interacting protein groups. We also show that 
“promiscuous” protein interactions should perhaps be regarded as 
“network hubs” instead of random noises—another explanation 
for the discrepancy between our analysis and the widely-held 
beliefs elsewhere. Our results may restore the confidence in 
similar high-throughput protein interactome data sets, and 
promote their application in subsequent molecular function 
studies. In Table 1, we have summarized some key features of the 
SY2H method by comparing it with the standard Y2H method. 
For a detailed description of this method, refer to the next section. 
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Table 1. A summary of comparisons between two Yeast 2-
Hybrid (Y2H) methods. Refer to the Method section for an 
explanation of “baits”, “preys”, “searches”, and “positives”.  

 Standard Y2H Systematic Y2H  
Bait Known Prior to 
a Search Yes No 

Bait Sequence 
Enlisted in a Search 

Whole or partial 
sequences 

Short sequence 
fragments 

Bait/Interaction 
Selection Bias 

Yes                         
(by design) 

No                   
(random sampling) 

Possible Replicated 
Preys in a Search Yes Yes 

Possible Replicated 
Same-bait Searches No Yes 

Sequences to be 
Identified from 
Positives 

Prey only 

 

Bait and Prey 

 

Global Assessment of 
Interactions No Possible 

 

2.METHODS 
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 cDNA fragment with the 
yeast transcription factor DNA-binding domain or with the yeast 
transcription factor activation domain, are called “bait” and 
“prey”, respectively. Second, haploid yeast bait and prey cDNA 
libraries are isolated into individual colonies, each containing a 
single bait or prey. Third, two types of haploid yeast cultures are 
mixed, one containing single bait colonies and the other 
containing colonies of the entire prey library, to allow mating to 
happen. Each such an experiment is called a “search”. Fourth, 
mated diploid yeast cultures are placed on dishes that contain 
selective medium, which allows the mated yeast to grow only if 
bait and prey interact. Each grown diploid yeast colony is called a 
“positive colony”, or a “ positive”. Fifth, up to a certain number of 
positive colonies is selected for picking (“picked positives”). 
Positives that are not picked are discarded. Sixth, DNA sequences 
from picked positives are amplified by PCR and DNA sequencing 
from both the 5’ and 3’ directions is performed. Seventh and 
lastly, interacting protein fragments are identified by comparing 
bait and prey DNA sequence fragments with annotated mRNA 
sequences from public sequence databases using the BLASTN 
software program. 
Protein Interactome Data Collections. We collected the human 
protein interactome data from a high-throughput interactome 
mapping project using the above described SY2H system [5]. 
There were two major data collection milestones for this project in 
2002-3. In the first major milestone, 13,656 unique protein 
interaction pairs were collected from approximately 50,000 SY2H 
searches against a prey cDNA library from mRNAs 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 unique protein interaction 
pairs were collected from more than 200,000 searches against a 
variety of human cDNA libraries. This interaction data set 

represented approximately 7,500 unique human proteins. We took 
a series of data snapshots between the milestones to perform our 
data analysis. The fact that we used slightly different data 
snapshots for each analysis is not a concern, since all these 
snapshots represented nearly random “samples” of the same 
protein interactome—a unique characteristic of the SY2H method 
(refer to Results). 

Bioinformatics Data Analysis. We performed large-scale 
bioinformatics data analysis tasks to prepare and manage all the 
protein interaction data using Oracle9i server and genomic data 
modeling methods described in [12]. We integrated hundreds of 
gigabytes of biological data from more than 20 different sources. 
In particular, we integrated all the protein interaction pairs with 
public REFSEQ, LocusLink, and Gene Ontology annotations [13, 
14]. In our data analysis, we used a combination of software tools, 
including the R statistical package and the Sportfire DecisionSite 
Browser for statistical data analysis and data visualizations. For 
this work, we developed several protein interaction data analysis 
methods, which we would describe along with the discussion of 
results next.  

3.RESULTS 
3.1 Comprehensive Protein Coverage and Bias 
Due to the unique characteristics of the SY2H method and a 
homogenized human brain tissue library source, we expect to 
observe a wide spectrum of expressed proteins (a random sample 
of the entire “proteome”)  and interactions between them in the 
data. In principle, the data should represent a comprehensive 
survey of the entire human proteome with little sampling bias. In 
Figure 1, we confirmed this expectation by showing a relative 
frequency distribution for a snapshot of 5,619 proteins, binned by 
their chromosomal locations. While the relative distribution of all 
human REFSEQ proteins varies among different chromosomal 
and mitochondrial locations, the interacting 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 of randomly sampling the entire human 
proteome with no bias in coverage. The other is that all human 
proteins from different chromosomes and mitochondrion (perhaps 
except for chromosomes 6, 12, X, and Y) seem to share the same 
tendency to interact with each other. 
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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 organelle locations. 
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Does a comprehensive coverage or a random sampling of the 
proteome suggest that there should be no bias in whichever 
proteins may become recruited in interactions? Not at all. If so, 
proteins of all 3-dimensional shapes would have interacted with 
each other equally. In Table 2, we showed an example of 
observed biases based on protein functional categories. Here, we 
listed eight protein functional categories. In each category, we 
listed a count of all human proteins from the LocusLink database, 
a count of interacting proteins identified with the SY2H method, 
and a percentage of coverage of identified protein for the 
category. In the last row of the table, we also showed several 
sums. This data shows that there were 18% of all 33,673 human 
proteins—a snapshot of 6,213 proteins derived from the SY2H 
system. However, “protein phosphatases” and “protein kinases” 
(CLASS I proteins) are highly enriched, at 29% and 26% 
respectively; “receptor” and “receptor : GPCR” proteins (CLASS 
II proteins), however, are scarce, at 6% and 5% respectively. We 
attribute this finding to a possible high functional bias towards 
proteins playing essential functional roles. For example, compared 
with other proteins, catalytic activities of enzymes (CLASS I 
proteins) are more frequently modulated by regulatory proteins 
through protein interactions; therefore, we observed an 
enrichment of CLASS I proteins. CLASS II proteins are poorly 
represented perhaps for a different reason--Y2H methods usually 
cannot capture protein interactions among membrane proteins 
(most CLASS II proteins). 
 

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

  All Human 
Proteins 

from 
LocusLink 

Interacting 
Proteins 

Identified 
by SY2H 

Percentage 
of 

Coverage 

Protein 
phosphatase 

240 70 29% 

Protein kinase 400 102 26% 

Polymerase 161 39 24% 

Transcription 
factor 

372 77 21% 

Channel protein 339 65 19% 

Protease 233 33 14% 

Receptor 3,294 203 6% 

Receptor:    
GPCR 

705 38 5% 

Total 33,673 6,213 18% 

 

3.2 Data Reproducibility 
We assessed the reproducibility of interaction data derived from 
the SY2H system, and found it to be surprisingly good. For 
reproducibility, we refer to the capability of a high-throughput 
interaction discovery system to identify true interactions 
consistently. In Figure 2, we show that interaction reproducibility, 
calculated as the percentage of all interactions that can be 
replicated across different SY2H searches, is 78.5%. Comparing 
the our SY2H system with a standard Y2H system, we think it is 
possible that the reproducibility rate estimated in previous 

publications (from 10% to 50%) [11] were based collections of 
high-throughput data generated from different academic labs 
without the setup of robotic machineries for consistent controls. 
There is also a lack of report on replicated protein interaction pair 
data from public sources. 
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Figure 1. A relative frequency distribution of protein 
interaction “replicates”. A “replicate” bin at x=1 indicates the 
percentage of interactions (21.5%) that are identified only once. 
All other “replicate” bins with x > 1 refer to the percentage of true 
replicated interaction (1-21.5%=78.5%) with an interaction 
replication count of x. The protein interaction data in this graph 
come from a random sample of 513 bait proteins, each of which is 
identified in at least two separate SY2H searches. 
 

This 78.5% may still be an under-estimate of the true data 
reproducibly level for an SY2H system. This is because 
identifying protein interactions from searches is also a sampling 
process, in which the robots often pick a dozen top “positive 
colonies” for DNA amplification and sequenci ng. Therefore, one 
may not have exhaustively identified all replicated protein 
interactions from replicate searches. In other words, we expect the 
relative percentage for the “replicates”=1 bin becomes smaller 
than the 21.5% when the size of data increases. 

3.3 Statistical Significance of Interactions 
To identify statistically significant protein interactors (as preys) 
and protein interaction pairs (as bait-prey pairs), we describe a 
statistical data testing framework. First, we present a null 
hypothesis, in which we presume that the interactions happen 
randomly among all interactors. Therefore, the rate of interaction 
discovery, p, can be estimated by the following: 

  
MN

I
p

*
= ,   (1) 

Here, I is the total number of observed unique interaction pairs, N 
is the total number of searches performed, and M is the total 
number of observed unique preys. To calculate p, for example, 
using a data snapshot taken from the first milestone (refer to 
Methods), we have I = 13,660, N = 50,000, M = 5,000, and 
therefore p = 13,660/50,000/5,000 = 5.5e-5. Similarly, using a 
recent data snapshot taken from the second milestone, we have I = 
70,000, N = 200,000, M = 7,000, and therefore p = 
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70,000/200,000/7,000 = 5.0e-5. The two estimates are very close 
to each other. 

We interpret p as an upper-bound estimate of the false positive 
rate for protein interactions observed in an SY2H system. There 
are two reasons for us to believe that p may be conservatively 
estimated. First, many of these observed I interactions may not be 
discovered totally by chance (recall functional bias); therefore, p 
should be smaller. We choose to treat interactions as “random” 
events, also because we do not have sufficient “negative” control 
interaction data set, i.e., a set of known non-interacting protein 
pairs. Second, the estimated prey number, M, may be higher than 
we currently used, because a high-throughput SY2H system 
sometimes may fail to amplify and identify a DNA sequence. The 
conservative estimate of a p at 5.5e-5 is good, because we can be 
confident later that the calculation of p-values, which we base on 
p, will be reliable indicators of statistical significances for 
replicated interactions.  

Note, however, much higher false positive rates have been 
estimated for several standard high-throughput Y2H systems. For 
example, Gavin et al [15] reported a p=1.07e-3 in their recent 
study, and Ho et al also reported a p=1.37e-3 [16]. We attribute 
the much smaller false positive rate for the SY2H system to the 
high data reproducibility described in an earlier section.  

Next, we describe two hypothesis test methods. In both methods, 
we calculate the p-values, one for observing multiple preys 
interacting with the same bait, and the other for observing the 
same bait-prey interactions multiple times, given that the null 
hypothesis is true, i.e. interactions 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 
interaction hypothesis was discussed. Instead, our hypothesis test 
methods belong to a “frequentist met hod”, which have the 
advantage of not requiring a prior protein interaction distribution 
for an alternative hypothesis. 

In the first test method, we are concerned with whether a 
particular bait tends to interact with many different preys. We 
want to distinguish whether a bait protein “indiscriminately” 
chooses an interaction partner by chance or by an un-characterized 
statistically significant process. In this model, we use r )1( ≥r to 
indicate the number of times that a search is replicated, i.e., the 
number of times the same bait has been observed in different 
searches. We use l to indicate the number of preys from all the 
replicated searches sharing the same bait. We use p and M 
according to the previously described definition. Under the null 
hypothesis, we assume that every prey-bait interaction is an 
independent Bernoulli trial with a success rate of p. There 
are Mr × trials among r replicated searches. Therefore, the 
probability to obtain l or more preys by chance among r searches 
(p-value) can be calculated through a binomial distribution,   

∑
−=

−




 ×
−=≥=

1,...,1,0

)1(1)Pr(
li

ii
IWTE pp

i

Mr
lLpvalue           (2)                         

Where pvalueIWTE is the individual-wise type I error for a bait. 
However, as a total of N searches were performed, and each bait is 
assumed to have r replicated searches, the family-wise type I error 
can be controlled in (3) (Westfall),  

                            
rN

IWTEFWTE pvaluelLpvalue /}1{1)Pr( −−=≥=   (3)                                   

In Table 3, we tabulated the p-values under all the scenarios, 
ranging in l=1 to 10 and r=1 to 4, where N=200,000, M=7,000, 
and p=5.0e-5. Each cell in the table contains a “family -wise” p -
value, which measures the significance level for discovering l 
preys in r replicated searches. For example, when only six 
interactions or less are discovered in a non-replicated search (r=1 
and l=6), this observation is not significant since p-value=0.314. 
However, when l increases from 6 to 7, 8, and ³�´Kµ4¶0·¹¸�µ8º »�¼'½ r=1, 
the p-value decreases to 1.86e-02, 8.15e-04, and ¾-¿�À9Á/Â�Ã -05 
respectively, suggesting the data being increasingly significant. 
This table also confirms that for a fixed l number of preys, the less 
search replications r it takes to observe all of them, the more 
significant the observation becomes.  

Table 2. A list of P-value that measures the significance of 
observing l number of preys in r different searches. The 
scenarios that are significant at a p-value threshold of Ä�Å�Æ Å�Ç	È/É�Ê
highlighted by shade and a bold font. 

 

If the statistical significant level is set as 0.05 the family-wise p-
value, there are many significant conclusions that we can derive 
from this test result. For example, we can conclude that if we 
observe at least 7 preys interacting with a single bait in any 
search, the event is statistically significant (p-value=0.0186). For 
another example, if the same bait has appeared 3 times in different 
searches, we have to observe an additional 3 preys for these 10 
(=7+3) preys to be taken as statistically significant (p-
value=0.0115). In a final example, if a bait interacts with 
hundreds of other preys in a few different SY2H searches, 
according to the above result, we say the bait must be selected 
with a significant bias. This result supports many earlier findings 
of “sticky proteins” and highly interacting proteins serving as 
“interaction network hubs” [5, 18]. 

In the second test, we are concerned with the significance of 
identifying a protein interaction pair from experimental results. 
We want to know whether or not a protein interaction can be 
“trusted” for use in subsequent knowledge discovery tasks. We 
use t to indicate the number of times that a prey is discovered, and 
use r, p, and M as described early in this section. Using a binomial 
model, we can calculate the individual-wise type I error, 

IWTEpvalue , for seeing the same prey appearing t times by chance 

in r replicated searches as the following: 

 ∑
−=

−




−=≥=
1,...,1,0

)1(1)Pr(
ti

ii
IWTE pp

i

r
tTpvalue             (4)                                      

However, as all M preys are available, the family-wise type I error 
can be controlled in (5) (Westfall),  

 r=1 r =2 r=3 r=4 

l =6 3.14e-01 1.00e-00 1.00e-00 1.00e-00 

l =7 1.86e-02 5.88e-01 1.00e-00 1.00e-00 

l =8 8.15e-04 7.39e-02 6.19e-01 9.95e-01 
l =9 3.16e-05 5.90e-03 1.05e-01 5.57e-01 

l =10 1.10e-06 4.11e-04 1.15e-02 1.06e-01  
l =11 3.49e-08 2.60e-05 1.09e-03  1.40e-02 
l =12 1.02e-09 1.51e-06 9.48e-05 1.63e-03  
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M

IWTEFWTE pvaluelLpvalue }1{1)Pr( −−=≥=
  (5)                                        

In Table 4, we tabulated the p-values under scenarios for t=1 to 4 
and for r=1, 2, 3, 4, where N=200,000, M=7,000, and p=5.0e-5. 
Each cell in the table contains a family-wise type I error p-value, 
which measures the significance level for discovering the same 
bait-prey interaction for t times in r replicated searches. For 
example, when an interaction is discovered only once in a single 
non-replicated search (r=1 and t=1), this observation is not 
significant since p-value=0.295. However, any replicated 
interaction identified from at least two different SY2H searches 
(rË-ÌÎÍ/Ï�ÐÒÑ;Ó-ÌÔÑ;ÕÔÖ�×ÙØ ÚQÛ!Õ ing to be significant, because the 
calculated p-value in all these scenarios are less than 0.05. 
 

Table 3. A list of P-value that measures the significance of 
observing the same interaction pair t times in r different 
searches. The scenarios that are significant at a p-value threshold 
of Ü@Ý�Þ Ý�ß�à/á�âäã�åUæ0ã�ç�å�æSãSè4â'é�ê!ë�ì¡ã�à�é�âAà/í�é)àäê�î�ç�é�ï8î0í0è�Þ  

 

3.4 Biological Significance of Interactions 
Following the discovery of statistically significant patterns in the 
“raw” data set , the next question arises, “How does one identify 
biologically significant protein interactions?” Not all statically 
significant interactions discovered in the previous section are 
biologically sensible, because a falsely identified human 
interacting protein can appear in many searches simply because 
this protein interacts with the yeast transcription factor in the 
SY2H system. To address this issue eventually, significant 
research efforts beyond this work is necessary, including efforts to 
perform complementary or validation experimental studies, 
conduct manual knowledge curations, and incorporate different 
types of biological data into the current computational analysis. In 
[19], we summarized the challenges and opportunities of 
integrating biological data such as gene expression information, 
functional annotations, homology information, and interaction 
network modules. 

In this section, we describe an example of such integrative data 
analysis based on the annotations of protein’s interaction partners. 
The null hypothesis is that proteins do not have specific functional 
or localization preferences when choosing their interaction 
partners. To collect statistics under the null hypothesis, we used a 
numerical re-sampling method, in which we randomly rewired the 
interaction network. Our randomization procedure, however, 
preserved each node’s degree of connectivity and thus the overall 
network node degree distribution. For each randomly rewired 
network, we retrieved the interaction partners v(n) of each protein 
n and calculated the frequency of occurrences of each annotation 
term among all the annotations, A[v(n)], available for the proteins 
in v(n). From this data, we computed the distribution functions for 
the fractions of each annotation term among all the terms assigned 
to protein’s interaction partners. Since we were interested in 

statistically significant co-occurrences of the annotation terms, we 
actually calculated a conditional probability, p[|N(t)|=k|t], to 
observe k occurrences of term t among A[v(n)], given 

)]([ nvAt ∈ . The continuous approximation (calculating 
fractions instead of counts) is helpful for analyzing very small 
number of proteins with very large number of interaction partners, 
which would otherwise require expensive 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 partners in 
diverse annotation categories (sampled). 

Node Degree 
Range 

20-30 31-40 41-80 >80 

Development 24 26 22 26 

Chaperone 
activity 

15 7 15 25 

Catalytic activity 48 16 4 2 

Transporter 
activity 

37 21 19 13 

Motor activity 12 9 23 27 

Signal transducer 42 16 14 15 

Translation 
regulator activity 

9 10 15 28 

Extra-cellular 44 30 25 30 

Enzyme regulator 
activity 

14 15 6 9 

Transcription 
regulator activity 

24 32 29 27 

Structural 
molecule activity 

24 19 44 118 

Defense/immune 
activity* 

5 2 2 0 

Cell adhesion 
molecule activity* 

24 23 21 12 

Apoptosis 
regulator activity* 

7 2 5 1 

Significant / 
Total 

239/596 
=40% 

177/269 
= 66% 

188/398 
= 47% 

196/281 
=70% 

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

For annotations we used a vocabulary derived from the Gene 
Ontology (GO) database. Since the GO has directed acyclic graph 
quasi-hierarchical structure, for each annotation term we perform 
a “roll -up” similar to [5] by tracing the term back to all its 
“ancestors” at the GO level l=2 (l=0 is for the root, l=1 is for 
“molecular function”, “biological process”, and “cellular 
component” labels). With this operation we generall y avoid the 
problem of many terms being too narrow and not sufficiently 
represented to enable building robust statistics. It is also plausible 
biologically to expect multiple interactions with related proteins, 
belonging to the same general group (e.g. ‘structural’ or 

 r=1 r=2 r=3 r=4 

t =1 2.95e-01 5.03e-01 6.50e-01 7.53e-01 

t =2 -- 1.74e-05 5.25e-05 1.05e-05 

t =3 -- -- 8.75e-10 3.50e-09 
t =4 -- -- --  0.00e-00 
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‘transcription factor’), rather than with a number of same very 
specific functional modules.  

In Table 5, we present a summary of our results. Here, we are 
primarily interested in characterizing potentially self-activating 
and “sticky” false p ositive proteins—highly interacting proteins 
that we define here as those having >20 interaction partners. We 
selected four node degree ranges (20-30, 31-40, 41-80, and >81) 
and calculated significance levels for each annotation term 
according to the method outlined above. For instance, in the group 
of proteins with 20 to 30 interaction partners (first row) that 
consists of 596 proteins (see the “Significant/Total” column), 
there are 24 proteins that interact with significantly high numbers 
of proteins annotated with the “Development” GO term (or its 
more specific descendants), 15 interact with the significantly high 
numbers of proteins involved in “Chaperon Activities” etc. Total 
of 239 (40% of 596) proteins in this group have at least one 
annotation term overrepresented among their interaction 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 
promiscuously interacting proteins (node degree >80) have 
statistically significant interaction patterns and thus can be 
biologically significant and active “functional hubs”. Combined 
with the evidence from previous work and previous results in this 
work, we believe that they should not be recklessly dismissed, but 
rather thoroughly analyzed with all the biological evidence 
available. It should be noted that some proteins are involved in 
various activities under different conditions, so that when the 
whole set of interaction partners is analyzed regardless of the 
source tissue, developmental stage, etc., no particular functional 
category may seem to be overrepresented. Thus, our estimates can 
be conservative. 

4.DISCUSSION 
In this study, we performed a comprehensive assessment of the 
human protein interactome 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 locations. We also showed that the data had a good 
reproducibility above 78% and a low false positive rate at 
approximately 5.5e-5. We developed several statistical data 
mining techniques to assess both the statistical and biological 
significance of interactions, especially for those data with 
replications and annotated GO term labels. We showed evidence 
were not random noises; instead, they could be “network hubs” of 
the cell signaling network. We also attributed the low noise in our 
data to the adoption of standard control in the experimental data 
generation process.  

Several factors may have prevented similar insights into the 
protein interactome data “noise” issue from being developed until 
this work. First, protein interactome data were scarce until very 
recently. Not many researchers have access to this type of data; 
even fewer have first-hand experience trying to extract useful 
information from it. Second, there is a genuine lack of biological 
understanding in how Y2H method works. This may have 
presented the development of new concepts such as protein 
“network hubs”. Third, many public data are produced in labs 
without the modern robot equipments or proper enforcement of 
standard operation protocols. Therefore, experimental variations 
are prevalent. Fourth, even today, the public protein interactome 

data set does not contain essential information such as protein 
interaction regions, interaction strengths, or replicated interactions 
under similar experimental conditions. With an ongoing surge of 
protein interactome data in the next few years, we hope our early 
results will restore some assurance to forthcoming data miners of 
this information. 
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ABSTRACT
In the domain of gene expression data analysis, various
researchers have recently emphasized the promising ap-
plication of pattern discovery techniques like association
rule mining or formal concept extraction from boolean
matrices that encode gene properties. To take the most
from these approaches, a needed step concerns gene prop-
erty encoding (e.g., over-expression) and its need for the
discretization of raw gene expression data. The impact
of this preprocessing step 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 between the 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 similarity
measure and practical validation over several gene expres-
sion data sets, we propose a method that supports the
choice of a discretization technique and its parameters
for each specific data set.

1. INTRODUCTION
Thanks to a huge research effort and technological break-
throughs, one of the challenges for molecular biologists is
to discover knowledge from data generated at very high
throughput. For instance, different 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 seen as expression matrices in
which the expression level of genes (rows) are recorded in
various biological situations (columns). A toy example of
some microarray data is the matrix in Tab. 1a.

Exploratory data mining techniques are needed that can,
roughly speaking, be considered as the search for inter-
esting bi-sets, i.e., sets of biological situations and sets
of genes that are associated 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 association approach, are assumed to participate
in a common function, or module, within the cell. A set
of co-regulated genes and the set of biological situations
that gives rise to this co-regulation is called a transcrip-

tion module. Discovering transcription modules is one of
the main goals in functional genomics.

Various techniques can be used to identify a priori inter-

1 2 3 4 5
a -1 6 0 12 9
b 3 -2 3 -3 1
c 0 5 -1 6 6
d 4 -1 2 -2 -1
e -3 9 1 10 6
f 5 -3 3 -6 0
g 4 -4 3 -7 0
h -2 2 -2 8 5

(a)

1 2 3 4 5
a 0 1 0 1 1
b 1 0 1 0 1
c 0 1 0 1 1
d 1 0 1 0 0
e 0 1 0 1 1
f 1 0 1 0 1
g 1 0 1 0 1
h 0 0 0 1 1

(b)

1 2 3 4 5
a 0 0 0 1 0
b 1 0 1 0 0
c 0 0 0 1 1
d 1 0 0 0 0
e 0 0 0 1 0
f 1 0 0 0 0
g 1 0 0 0 0
h 0 0 0 1 0

(c)

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

esting bi-sets. Biologists often use clustering techniques
to identify sets of genes that have similar expression pro-
files (see, e.g., [14]). Statistical methods can be used as
well (see, e.g., [16; 4]). It is also possible to look for these
putative synexpression groups by computing the so-called
frequent itemsets from boolean contexts that encode gene
expression properties [1]. Deriving association rules from
frequently co-regulated genes has been studied as well [3;
10]. Furthermore, putative transcription modules can be
provided by computing the so-called formal 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 concerns gene expression property 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
be encoded into r ⊆ O×P. (oi, gj) ∈ r denotes that gene
j has the encoded expression property in situation i. Dif-
ferent expression properties might be considered like, e.g.,
over-expression, up or down regulation, strong variation.
Generally, encoding is performed according to some dis-
cretization operators that, given user-defined parameters,
transform each numerical value from raw gene expression
data into one boolean value per gene property. Many
operators can be used that typically compute thresholds
from which it is possible to decide wether the true or the
false value must be assigned. For instance, in Tab. 1b, an
over-expression property has been encoded and genes a,
c, and e are over-expressed together 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 efficient algorithms (e.g., frequent
closed set [7; 20; 26] or concept extractors [5]). In this con-
text, the critical step of gene expression data discretiza-
tion has not been studied enough while its impact on both
the quantity 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,
association rules or formal concepts) can be very different.

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 used to collect important informa-
tion about putative synexpression groups 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 expression data
and various derived boolean matrices. Comparing trees
by means of ad-hoc similarity measures has been studied
a lot, 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 difficulty 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 similarity measure for binary trees (such as
dendrograms generated by any hierarchical clustering al-
gorithm), that is level independent, and depends for each
node on its subtree structure. Next, we have studied the
behavior of our measure on several gene expression data
sets in order to support the choice a discretization tech-
nique and the discretization parameters that have to be
used when encoding boolean gene expression properties
in order to perform efficient pattern discovery techniques
like association rule mining or formal concept discovery.

In Section 2, we define our similarity measure between
two binary trees. In Section 3, we study the behavior of
this measure for different gene expression data sets. Fi-
nally we consider in Section 4 the impact of our technique
on a KDD process which finds biologically relevant infor-
mation in a well-studied gene expression data set. Section

5 concludes.

2. COMPARING BINARY TREES
The problem of finding 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 measures between both rooted and
unrooted trees have been designed to compare different
phylogenetic trees concerning the same set of individu-
als (e.g., different species of animals having a common
ancestor). Various distance metrics between trees have
been proposed. The nni (nearest neighbor interchange)
and the mast (maximum agreement subtree) are two of
the most used metrics. nni has been introduced inde-
pendently in [18] and [23] and its NP-completeness has
been recently proved [11; 12]. mast has been proposed in
[15], and [9] describes an efficient 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 representing the same species of
biological organisms.

In our data mining problem, we have sets of objects (vec-
tors of expression values for genes in various biological sit-
uations), that we want to process with a hierarchical clus-
tering algorithm. Depending on the different discretiza-
tion operations on raw expression data, a same clustering
algorithm working on encoded boolean gene expression
data can return (very) different 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 need to measure
both the degree of similarity of their structures and the
similarity between the contents of their associated collec-
tions of clusters. We designed a simple measure which is
also easy to compute. Intuitively, it depends on the num-
ber of matching nodes between the two trees we have to
compare.

2.1 Definition of similarity scores
Let O = {o1, . . . , on} denote a set of n objects. Let T

denote a binary tree built on O. Let L = {l1, . . . , ln}
denote the set of n leaves of T associated to O for which,
∀i ∈ [1 . . . n] , li ≡ oi. Let B = {b1 . . . bn−1} denote the set
of n− 1 nodes of T generated by a hierarchical clustering
algorithm starting from L. By construction, we consider
bn−1 = r, where r denotes the root of T . We define the
two sets:

δ (bi) = {bj ∈ B | bj is a descendent of bi} ,

τ (bi) = {lj ∈ L | lj is a descendent of bi} .

An example of a tree for a set containing 8 objects (i.e.,
the genes from Tab. 1a) is given in Fig. 1. In this example,
τ (b3) = {b, d, f, g} and δ (b3) = {b1, b2}.

We want to measure the similarity between a tree T and a
reference tree Tref built on the same set of objects O. For
each node bi of T , we define the following score (denoted
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Figure 1: An example of binary tree

SB and called BScore):

SB (bi, Tref ) =
∑

bj∈δ(bi)

aj

aj =







1

|τ(bj)|
, if

∃bk ∈ Tref | τ (bj) = τ (bk)
0, otherwise

(1)

In other terms, for a node b in T , its score depends both
on the number of its matching nodes in Tref (bk ∈ Tref

is a matching node for b if τ (b) = τ (bk)) and |τ(b)|. To
obtain the similarity score of T w.r.t. Tref (denoted ST

and called TScore), we consider the BScore value on
the root, i.e.:

ST (T, Tref ) = SB (r, Tref ) (2)

As usually, it is interesting to normalize the measure to
get a score between 0 (for a tree which is totally different
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 (Tref , Tref ):

ST (T, Tref ) =
ST (T, Tref )

ST (Tref , Tref )
(3)

ST (T, Tref ) = 0 means that T is totally different from
Tref , i.e., there are no matching nodes between T and
Tref . Indeed, ST (T, Tref ) = 1 means that T is totally
similar to Tref , i.e., every node in T matches with a node
in Tref . Given two trees T1 and T2 and a reference Tref ,
if ST (T1, Tref ) < ST (T2, Tref ), then T2 is said to be more
similar to Tref than T1 according to TScore.

Let us now provide a constructive definition to compute
the BScores for every node of the tree, and retrieve its
value for the whole tree. Assume that functions cl (bi)
and cr (bi) respectively return the left and the right child
of bi. In Fig. 1 cl (b7) = b3 et cr (b7) = b6. The BScore

measure can be redefined as follows:

SB (bi, Tref ) = σ (cl (bi) , Tref ) + σ (cr (bi) , Tref ) (4)

where

σ (bk, Tref ) =







1
|τ(bk)|

+ SB (bk, Tref ) , if

∃bj ∈ Tref | τ (bk) = τ (bj)
SB (bk, Tref ) , otherwise

σ (lk, Tref ) = 0, ∀lk ∈ L

This definition emphasizes that the BScore for each node
depends on the BScore values of its children. The fact
that each node “inherits” the similarity information of its
children is useful when comparing two trees that result
from a hierarchical clustering algorithm.

2.2 Comparison between gene dendrograms
Tab. 1a is a toy example of a gene expression matrix. Each
row represents a gene vector, and each column represents
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 = {a, b, c, d, e, f, g, h}. A hierarchical
clustering using the Pearson’s correlation coefficient and
the average linkage method (see, e.g., [14]) on the data
from Tab. 1a leads to the dendrogram in Fig. 1.

Assume now that we discretize the expression matrix by
applying two different methods used for over-expression
encoding [3]. The first one considers the mean between
the max and min values for each gene vector. Values that
are greater than the average value are set to 1, 0 otherwise
(Tab. 1b). A second method takes into account the max
value for each gene vector. Values that are greater than
90% of the max value are set to 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)
represents the gene dendrogram obtained by clustering
the boolean matrix in Tab. 1b (resp. Tab. 1c).

a)

b)

Figure 2: Gene trees built on two differently discretized
matrices

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

To normalize the similarity scores, we just need to divide
the BScores of the root of the first two dendrograms,
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Ta
Node Match τ σ SB
b1 - {b, f} 0 0
b2 b2 {b, f, g} 0.33 0
b3 b3 {b, d, f, g} 0.58 0.33
b4 b4 {a, c} 0.5 0
b5 b5 {a, c, e} 0.83 0.5
b6 b6 {a, c, e, h} 1.08 0.83
b7 b7 O - 1.67

Tb
Node Match τ σ SB
b1 - {d, f} 0 0
b2 - {d, f, g} 0 0
b3 b3 {b, d, f, g} 0.25 0
b4 - {a, e} 0 0
b5 - {a, e, h} 0 0
b6 b6 {a, c, e, h} 0.25 0
b7 b7 O - 0.5

Tref
Node Match τ σ SB
b1 b1 {f, g} 0.5 0
b2 b2 {b, f, g} 0.83 0.5
b3 b3 {b, d, f, g} 1.08 0.83
b4 b4 {a, c} 0.5 0
b5 b5 {a, c, e} 0.83 0.5
b6 b6 {a, c, e, h} 1.08 0.83
b7 b7 O - 2.17

Table 2: BScore values. Nodes matching in Tref are in
the Match columns.

by the BScore of the root of the reference dendrogram
(Equation 3):

ST (Ta, Tref ) =
ST (Ta, Tref )

ST (Tref , Tref )
=

1.67

2.17
= 0.77

ST (Tb, Tref ) =
ST (Tb, Tref )

ST (Tref , Tref )
=

0.5

2.17
= 0.23

Since ST (Ta, Tref ) > ST (Tb, Tref ), the first discretiza-
tion method is considered better for this data set w.r.t.
the performed hierarchical clustering. In fact, in Ta, only
node b1 does not match (i.e., it does not share the same
set of leaves) with any node in Tref , while in Tb, there are
only two nodes (b3 and b6) that match with some nodes
in Tref .

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

3. COMPARING DIFFERENT
DISCRETIZATION TECHNIQUES

Many discretization techniques can be used to encode
gene expression properties from expression values that
are either integer values (case for 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 encoding the over-expression of
genes in [3]:

• “Mid-Ranged”. The highest and lowest expression
values are identified for each gene and the mid-range
value is defined. For a given gene, all expression
values that are strictly above the mid-range value
give rise to value 1, 0 otherwise.

• “Max - X% Max”. The cut off is fixed w.r.t. the
maximal expression value observed for each gene.
From this value, we remove a percentage X of this
value. All expression values that are greater than
the (100−X)% of the Max value give rise to value
1, 0 otherwise.

• “X% Max”. For each gene, we consider the situa-
tions in which its level of expression is in X% of the
highest values. These genes are assigned to 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 different boolean matrices with the reference
dendrogram.

We have considered three gene expression data sets: two
microarray data sets and a SAGE data set. The first
data set (CAMDA [8]) concerns the transcriptome of the
intraerythrocytic 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 genes in 46 different time points. The second
data set (Drosophila [2]) concerns the gene expression of
drosophila melanogaster during its life cycle. We have the
expression values for 3 030 genes and 81 biological sam-
ples, including both male and female adult individuals.
The third one (human SAGE data from NCBI, see also
[17; 22]) contains the expression values for 5 327 human
genes in 90 different cancerous and not cancerous cellular
samples belonging to different 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 sets and depending on different thresh-
olds for the “Max - X% Max” method (densities for the
“X% Max” method are quite similar).

Figure 3: Density values for different “Max - X% Max”
thresholds

We processed all the computed boolean matrices with a
hierarchical clustering algorithm based on the centered
Pearson’s correlation coefficient and the average linkage
method. The same algorithm with the same options has
been applied to the three original matrices. Finally, for
each data set, we have compared all the genes and situ-
ations trees derived from the boolean matrices with the
reference trees. 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-
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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 dendrograms in Fig. 4b and
Fig. 4d. It is important to observe that, for each data
set, we obtained the highest values of similarity scores for
both the genes and the situations for almost the same
discretization thresholds.

Similarity score

Data set Density Genes Situations

CAMDA 0.313665 0.034155 0.746437
Drosophila 0.441146 0.059570 0.591343
SAGE 0.053958 0.110131 0.776736

Table 3: Similarity scores for 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 first
two data sets (CAMDA 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 gene scores resulting from ran-
domly generated matrices are always lower than the ones
obtained by any discretization method (while the situa-
tion scores are always negligible). One possible reason is
that the discretized matrices are here very sparse com-
pared to the first two data sets (see Fig. 3). Using a low
threshold to discretize such a matrix does not make sense:
obtained scores are similar to the scores which are com-
puted on random boolean matrices. Moreover, using a
high threshold value X for the “X% Max” discretization
method leads to similarity scores that are close to those
obtained for randomly generated matrices, though still
higher. We can observe the behavior of this particular
SAGE data set in Fig. 5.

To conclude this section, comparing dendrograms result-
ing from the clustering of different types of derived boolean
matrices enables to choose the “best” discretization method
and parameters for a given data set. If we analyze the
graphics of similarity scores w.r.t. the thresholds used
in the “Max - X% Max” and “X% Max” methods (see
Fig. 4), we observe the presence of either a max or an
asymptotic behavior. It means that the best choice for the
discretization threshold could be a trade-off between the
value for which we get the best similarity score, and the
value for which the data mining task remains tractable.

4. AN APPLICATION TO A REAL
PROBLEM

We have applied the proposed preprocessing technique to
a real gene expression data set to validate our approach
throughout a complete KDD process. We have decided
to mine the data described in [2]. It concerns the gene
expression of the Drosophila melanogaster during its life
cycle. The expression levels of 4 028 genes are evalu-
ated for 66 sequential time periods from the embryonic
state till the adulthood. The total number of samples
is 81 since the gene expression during 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

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 genes we have used is derived
from the original set from which we removed those genes
that are under-expressed in all the 20 situations and over-
expressed in at least 11 biological situations. We have
obtained a 3 433 × 20 matrix which has been processed
according to our methodology. The raw expression matrix
has been discretized using the “Mid-Ranged” and “Max -
X% Max” methods. The resulting boolean matrices and
the original matrix have been processed with the same as-
cendant hierarchical clustering algorithm using Pearson’s
correlation coefficient and average linkage. Then, using
our tree comparison technique, we have compared the
gene and situation dendrograms. The similarity scores
are presented 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 (see Table S30 in [2]). 31 of these
37 genes are present in our data set and we tried to
search them by mining formal concepts in the various
derived boolean matrices. Intuitively, formal concepts
are maximal rectangles of true values in boolean matri-
ces. For instance, in the boolean context from Tab. 1b,
({a,c,e},{2,4,5} 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-defined monotonic constraints. We ex-
tracted all the concepts with at least 3 situations and
at least 20 genes. Then we have post-processed the ex-
tracted collection to keep those which concern only male
individuals. Finally, we measured the number of male
somatic genes which appear in the different sets of the
post-processed concepts. 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 gives the best similar-
ity score and 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 genes from the con-
cepts that concern only 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 curves of male somatic
genes identified in concepts concerning female individuals
starts to increase. Choosing the discretization threshold
enables to control the trade-off between extraction com-
pleteness and noise impact.

5. CONCLUSION
We defined a new pre-processing technique that supports
the evaluation and assessment of different 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 defined metrics is simple
and we have validated its relevancy on different 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 based on set patterns.
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a)

b)

c)

d)

Figure 4: Similarity scores w.r.t. different thresholds for
“Max - X%Max” (a and b) and “X%Max” (c and d) dis-
cretization methods

Figure 5: Similarity scores depending on density for “Max
- X%Max”, “X%Max” and random discretization meth-
ods applied to SAGE data

Figure 6: Similarity scores depending on various thresh-
olds for “Max - X%Max” discretization method

Figure 7: Number of identified male somatic genes w.r.t.
discretization thresholds for different sets of concepts
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ABSTRACT 
Massive publicly available gene expression data consisting of 
different experimental conditions and microarray platforms 
introduce new challenges in data mining when integrating 
multiple gene expression data. In this work, we proposed a meta-
classification algorithm, which is called MIF algorithm, to 
perform multi-type cancer gene expression data classification. It 
uses regular histograms for gene expression levels of certain 
significant genes to represent sample profiles. Differences 
between profiles are then used to obtain dissimilarity measures 
and indicators of predictive classes. In order to demonstrate the 
robustness of the algorithm, 10 different data sets, which are 
individually published in 8 publications, are experimented. The 
results show that the MIF algorithm outperforms the simple 
majority-voting meta-classification algorithm and has a good 
meta-classification performance. In addition, we also compare our 
results with other researchers’ works, and the comparisons are 
impressive. Finally, we have confirmed our findings with 
cancer/testis (CT) immunogenic gene families of heterogeneous 
samples.  
Keywords 
Gene expression, meta-classification, heterogeneous, multi-type 

1. INTRODUCTION 
Although DNA microarray techniques bring breakthroughs to 
cancer study, massive publicly available gene expression data, 
which are conducted by different laboratories with various 
experimental conditions and microarray platforms, introduce new 
challenges to conduct data mining with an integration of multiple 
and heterogeneous gene expression data. For gene expression data 
in cancer study, the advance of data mining leads to the discovery 
of global cancer profiling, patient classification, tumor 
classification, tumor-specific molecular marker identification and 
pathway exploration [15]. Different mining algorithms have been 
proposed, and significant findings are exploited corresponding to 
different algorithms. For most cases, validations of findings are 
done by a series of biological experiments or laboratorial works. 
However, in terms of efficiency and effectiveness of mining 
algorithms with respect to clinical applicability and robustness, 
the validations are mainly restricted by cross-validation or sub-
sampling within a single data set [4], [11]. This validation scheme 
is not sufficiently to draw conclusions because of the problems of 
over-fitting and homogeneity within a single data set. To avoid 
these problems, there are two potential solutions: (1) it is required 
to validate mining algorithms with heterogeneous data sets 
consisting of different microarray platforms and experimental 
conditions, and (2) meta-analysis is performed with a number of 
heterogeneous data sets so that it can make meta-decisions with an 
integration of these data sets, rather than with individual data sets 
[5], [19]. 

To perform classification of heterogeneous data consisting of 
multi-type cancer, some common features (i.e. significant genes) 
must be founded in various cancer types. Subsets of genes, which 
are called cancer/testis (CT) immunogenic gene families, are 
recently proposed to have associations with one or more than one 
cancer type. Van der Bruggen et al. [23] suggested an approach to 
identify the molecular definition of tumor antigens recognized by 
T cells, and this approach 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, researchers have discovered 44 CT immunogenic genes 
families consisting of 89 individual genes in total [20]. 

In our previous works, we proposed a measure called “impact 
factors (IFs)” to improve the classification performance of 
heterogeneous gene expression data [7], [8]. In this paper, we 
extend the works and propose a meta-classification algorithm, 
which is called Majority-voting with Impact Factors (MIF) 
algorithm, to classify multi-type cancer gene expression data 
consisting of both different cancer types and microarray 
platforms. In order to validate the reliability and robustness of the 
MIF algorithm, 10 gene expression data sets, which are published 
in 8 different publications, are experimented, and the 
classification performance of the MIF algorithm is not only 
compared with the simple majority-voting meta-classification 
algorithm, but also with results of other researchers in [2]. 

2. RELATED WORKS 
Recent progress in mining gene expression data is to discover 
knowledge from multiple and heterogeneous gene expression 
data. Some works are concerning theoretical flexibility to 
integrate gene expression data with various microarray platforms 
and technologies. Lee et al. [10] and Kuo et al. [9], respectively, 
described different approaches based on simultaneous mutual 
validation of large numbers of genes using two different 
microarray platforms. They used the NCI-60 data sets consisting 
of spotted cDNA arrays and Affymetrix oligonucleotide chips. 
Choi et al. [5] proposed a systematic integration of gene 
expression data based on normalizing data with an estimated 
means of other data sets.  

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

Meta-classification approaches are mainly divided into three 
categories [21]. The first category is to average individual 
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decisions of different element classifiers without altering the 
original learning algorithms of the element classifiers. The second 
category is to predict the right learning algorithm or classifier for 
a particular problem from a set of element classifiers based on 
analyzing the fitness of the characteristics of testing data sets. The 
last category is to take a sub-sample of the entire data set and try 
each algorithm on this sub-sample. Among these three categories, 
the category of model averaging draws more attention in the 
literatures. For gene expression data, most works also belong to 
the category 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-classification algorithm, called 
Majority-voting with Impact Factors (MIF) algorithm, to perform 
multi-type cancer gene expression data classification. It uses 
regular histograms for gene expression levels of certain significant 
genes to represent the profiles of samples. Differences between 
profiles are then used to obtain dissimilarity measures and 
indicators of predictive classes. The regular histograms are 
constructed by the uniform partitioning technique with maximum 
and minimum expression levels of the significant genes as upper 
and lower bounds. It aims at estimating densities of expression 
levels of significant genes in terms of relative positioning with 
respect to the upper and lower bounds.  For a new sample, it 
compares its histograms with the histograms of individual classes 
in training sets. The classes with smaller dissimilarity measures 
are set as predictive classes for the new sample. As the same time, 
the majority-voting meta-classification algorithm is performed 
with the new sample too. If the decisions derived from the regular 
histogram comparisons and the majority-voting algorithm are the 
same, weighted scores corresponding to individual classes, which 
are based on the impact factors (IFs), are accumulatively adjusted 
the dissimilarity measures of the corresponding classes. On the 
other hands, if their decisions are different, there are no such 
weighted scores, and the dissimilarity scores are increased 
according to the results of the majority-voting algorithm. Figure 1 
shows the process overview. 

Here, we describe the MIF algorithm in details. First of all, 
individual regular histograms of every sample in each class in 
training sets are constructed [12]. Suppose that there are m 
training sets represented by the vector X=(X1, X2, …, Xm), and  
Xi=(xi,1, xi,2, …, xi,l, xi,l+1, …, xi,n) be the training set i with l 
normal samples and (n–l) cancer samples. The expression levels 
of gene g in Xi be represented by a vector g=(ei,1, ei,2, …, ei,n), 
where ei,j represents the expression level of g in sample j of set i 
(i.e. Xi), and c={Normal,Cancer} be the class vector such that xi,j.c 

representing the classes of sample j in set i. The algorithm for the 
regular histogram construction for training samples is shown in 
figure 2. 

Inputs: aligned training samples sets X, number of bins nb, 
number of significant genes ng 

Outputs: pairs of regular histograms for all training samples sets 
HNormal and HCancer, sets of significant genes for all training sets G 

1. variables:  
2.    tempNormal and tempCancer be the temporary sets of regular 

histograms for each candidate of Xi, tempSig be the temp set 
of significant for Xi, α be the percentage of bin candidates 
to be trimmed 

3. for i = 1 to size(X) 
4.    tempNormal = φ; 
5.    tempCancer = φ; 
6.    tempSig = find_sig_genes (Xi); 
7.    G = G + tempSig; 
8.    for j = 1 to size(Xi) 
9.       if (xi,j.c = Normal) 
10.          tempNormal = tempNormal + hist_proc(xi,j, nb, tempSig); 
11.       else 
12.          tempCancer = tempCancer + hist_proc(xi,j, nb, tempSig); 
13.       end if 
14.    end for 
15.    HNormal = HNormal + normalize (tempNormal,α); 
16.    HCancer = HCancer + normalize (tempCancer,α); 
17. end for 

Figure 2. Algorithm for calculating regular histograms for 
training samples sets. 

In figure 2, for each training set Xi, where Xi∈{X}, significance of 
genes in Xi is calculated and ranked accordingly in the function 
“find_sig_genes” at code line 6. The common and widely used 
statistical method t-test is used to rank significance of the genes 
[6]. In the t-test, its sign is determined by the numerator. 
Therefore, the t-values are positive if the mean of normal class is 
larger than that of cancer class and negative if the mean of normal 
class is smaller than that of cancer class. Hence, taking genes 
from both tails from the sorted list, including positive and 
negative t-values, can assume that the same proportions of genes 
from both classes are considered. Extracted significant genes sets, 
G={G1, G2, …, G m}, where Gi is the significant gene set in 
training Xi, 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 expression levels among those extracted significant 
genes are set as the upper and lower bounds of the histograms. 

 
Figure 1. Process overview of the MIF algorithm. 
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Samples belong to the same classes of the same training sets may 
have different values for upper and lower bounds. However, we 
are only interested in the densities of expression levels with 
respect to sample-based maximum and minimum expression 
levels, which is in relative positioning. Therefore, if the absolute 
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 also. As a result, 
the effects of the absolute differences can be eliminated.  

The uniform partitioning technique is used to evenly divide the 
distance between the upper and lower bounds into a required 
number of bins nb. Each bin width is defined by (upper-lower)/nb. 
Each data set should have l and (n–l) different regular histograms 
for normal and cancer samples, and all histograms should have nb 
bins because of the uniform partitioning. For example, figure 3 
shows an example. Assume that there are 100 significant genes, nb 
is 10 bins, and the upper and lower bounds are 4917 and -652. By 
applying the uniform partitioning technique, each bin width is 
[4917-(-652)]/10=557 to nearest integer.  Expression levels of 
identified significant genes are then mapped to different bins with 
respect to their expression levels, and the results are shown in 
figure 3. At the end, the regular histogram of the illustrated 
sample is represented by the vector of (0.11, 0.76, 0.07, 0.02, 
0.01, 0, 0, 0.01, 0, 0.02). 

 
Figure 3. Example of regular histogram’s construction for 

expression levels of significant genes. 
After all the histograms corresponding to the same class of the 
same training sets (i.e. the for loop at code line 8) have been 
computed, α% candidate bins with highest and lowest bin values 
are trimmed to eliminate the effects of outliners. Remaining bins 
are then accumulated to form a representative histogram of 
individual classes in the data sets.  Since some entries are 
trimmed, the value of the sum of all bin values at the 
representative histograms can be unbounded. It causes 
inconsistent scaling when comparing with other histograms. In 
order to have consistent comparisons, normalization is done so 
that the sum of all bin values in a single representative histogram 
to have the sum equals to 1. Finally, all representative histograms 
for individual training sets are added to HNormal and HCancer. To use 
the same example in figure 3, the resultant vector becomes (0.76, 
0.07, 0.02, 0.01, 0, 0, 0.01, 0) after 5% of candidate bins with 
highest and lowest bin values are trimmed. In addition, the 
normalized vector becomes approximately (0.87, 0.09, 0.02, 0, 0, 
0.02, 0) in order to have sum equals to 1. 

With the computed HNormal and HCancer, comparisons of the 
histograms between training and testing samples can be 
performed. Figure 4 shows the algorithm of the comparisons.  

 

Inputs: pairs of regular histograms for all training sample sets 
HNormal and HCancer, sets of significant genes for all training sets G, 
testing sample s, number of bins nb 

Outputs: predictive classes by the regular histogram comparisons 
CHist 

1. variables: 
2.    Hs be the temporary variable of the regular histogram of the 

testing sample 
3. for i = 1 to size(HNormal) 
4.    Hs = hist_proc(s, nb, Gi); 
5.    if (dis(Hs, HNormal, i) < dis(Hs, HCancer, i)) 
6.       CHist = CHist + {Normal}; 
7.    else 
8.       CHist = CHist + {Cancer}; 
9.    end if 
10. end for 

Figure 4. Algorithm for the comparisons of regular 
histograms between testing and training samples. 

First of all, regular histogram of the testing sample s with respect 
to the significant genes set G of the training sets is computed. 
Then, dissimilarity measures between the testing sample and 
individual classes of training sets are computed, respectively. 
Assume that Hs(b) be the regular histograms of the testing sample 
with bin b, and Hc(b) is the regular histograms of the classes in the 
training sets with bin b, where c={Normal,Cancer}. Now, the 
dissimilarity measures, dis, between two histograms are calculated 
as: 

∑ +
−

=∈
b

cs

cs
cs (b)H(b)H

(b)H(b)H
)ncer}{Normal,Ca|c,Hdis(H

 (1) 

The second step is to compare the histogram of the testing sample 
to pairs of the histograms in each training set and determine 
predictive classes of the new sample with respective to individual 
training sets in the code segment from line 5 to line 9 in figure 4. 
For each training set, there are two histograms corresponding to it, 
one for each class. The dissimilarity measures of normal and 
cancer classes are compared, and the classes with smaller values 
of the measures are set as the predictive classes of the testing 
sample, and assigned as a new element in set CHist. Since there is a 
single prediction for each training set, so there are m elements in 
CHist for m different training sets. 

At the same time, the majority-voting meta-classification 
algorithm is performed. In [8], we proposed an empirically-driven 
model averaging method to integrate individual classification 
decisions to form meta-decisions. Suppose that there is a data set 
D, and the data are arisen from k possible models (i.e. 
combinations of classifiers and data sets), M=(M1, …, M k). If ∆ is 
the quantity of interest (i.e. classification performance), then its 
posterior distribution of ∆ in data set D is: 

( )∑
=

×==
K

1i
kik1 )D,M|(pr)D,,...,|(pr)D|(pr ∆βββ∆∆  (2) 

, where βi is the quantity of pre-knowledge for model Mi, and it is 
defined as:  
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∑
=

=
K

1l
lnlpl

inipi
i

)(D, M)x S(D, M) x Sacc(D, M

)(D,M)x S(D,M) x Sacc(D,M
β

 (3) 

, where acc(D,Mi), Sp(D,Mi) and Sn(D,Mi) are the classification 
accuracy, specificity and sensitivity of model Mi  with data set D. 

To perform the majority-voting algorithm, K is set to 1 in equation 
2. Therefore, we only consider a single model each time, and 
finally there are k individual decisions for k different models. 
Hence, the equation is rewritten as: 

( )∑
∈

×==
Ki

iii )D,M|(pr)D,|(pr)D|(pr ∆ββ∆∆  (4) 

If there are m and k different training sets and classifiers, there 
will be (m×k) individual decisions for the testing sample (i.e. each 
model produce a decision). For each decision, it is determined by 
a pair of ∆. Since we are interested in predictive classes 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 c∈{Normal, Cancer}. If pr(s.c=Normal|D) is larger than 
pr(s.c=Cancer|D), assigned predictive classes are normal. 
Otherwise, it is assigned as cancer. In order form meta-decisions 
among individual decisions, the majority-voting algorithm in 
equation 5 assigns predictive classes, CVote, which are the most 
often predictive classes of individual decisions s.ci.  

{ }( ) ∑
=∈=∈

}cc.s{:i
Vote

i

1}Cancer,Normal{c
maxargCc.s|c.s  (5) 

Inputs: testing sample s, sets of significant genes for all training 
sets G, number of bins nb, predictive classes by the regular 
histogram comparisons CHist, predictive classes by the majority-
voting algorithm CVote, impact factors for normal and cancer 
classes IFNormal and IFCancer, pairs of regular histograms for all 
training sample sets HNormal and HCancer, pre-knowledge measures 
corresponding to training sets β. 

Outputs: meta-decisions CPred 

1. variables: 
2.    dNormal and dCancer be the dissimilarity values to normal and 

cancer classes, dAcc_normal and dAcc_cancer be the accumulative 
dissimilarity values to normal and cancer classes 

3. for i = 1 to size(CHist) 
4.    if (CHist, i = CVote, i) 
5.       if (CHist, i = Normal) 
6.          dNormal = βi × IFNormal, i / IFCancer, i × dis (hist_proc(s, nb, 

Gi), HNormal, i) / dis (hist_proc(s, nb, Gi), HCancer, i); 
7.       else 
8.          dCancer = βi × IFCancer, i / IFNormal, i × dis (hist_proc(s, nb, 

Gi), HCancer, i) / dis (hist_proc(s, nb, Gi), HNormal, i); 
9.       end if 
10.    else 
11.       if (CHist, i = Normal) 
12.          dNormal = βi ×  IFCancer, i / IFNormal, i; 
13.       else 
14.          dCancer = βi × IFNormal, i / IFCancer, i; 
15.       end if 
16.    end if 
17.    dAcc_normal = dAcc_normal + log2 (dNormal); 
18.    dAcc_cancer = dAcc_cancer + log2 (dCancer); 
19. end for 
20. if (dAcc_normal < dAcc_cancer)  

21.    CPred = CPred + {Normal}; 
22. else 
23.    CPred = CPred + {Cancer}; 
24. end if 

Figure 5. MIF algorithm. 
Figure 5 shows the MIF (Majority-voting with Impact Factors) 
algorithm. It is an adoption of the decisions of the regular 
histogram comparisons, impact factors and majority-voting 
algorithm. In the figure, the combined meta-decisions are CPred. In 
the regular histogram comparisons, there are m individual 
decisions since there is a single decision corresponding to each 
training set. In contrast, there are (m×k) individual decisions from 
the majority-voting algorithm since there is a single decision 
corresponding to each training set together with a type of 
classifiers. Therefore, the decisions of the regular histogram 
comparisons are compared k times with that of the majority-
voting algorithm of the same training set. IFNormal and IFCancer are 
measures proposed in [7]. They define inter-experimental 
variations of a heterogeneous testing sample to normal and cancer 
classes of training samples, and they are expressed as IFNormal and 
IFCancer.  

Individual decisions 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 decisions, 
equation 6 and 7 are applied for decisions of normal and cancer.  

dNormal=βi×IFNormal,i/IFCancer,i×dis(α,HNormal,i)/dis(α,HCancer,i) (6) 
, where α=dis (hist_proc(s,nb,Gi) 
dCancer=βi×IFCancer,i /IFNormal,i× dis(α,HCancer,i)/dis(α,HNormal,i) (7) 
, where α=dis (hist_proc(s,nb,Gi) 

For both equations, βi is the magnitude of pre-knowledge for 
model Mi, which is calculated by equation 3. The factors of 
(IFc1,i/IFc2,i), given that c1,c2∈{Normal, Cancer} and c1≠c2, are 
linear scaling factors which minimize variations between two 
classes among different training sets. In fact, dc’s, where 
c∈{Normal, Cancer}, are measures with respect to overall gene 
expression levels in various training sets, but the ratio of gene 
expression levels between two classes in individual training sets 
are varied. Hence, dc’s should be rescaled accordingly in order to 
reduce the impacts of differential ratios between the two classes 
among various data sets. As a result, individual decisions are 
insensitive to bias of either class and variations of gene expression 
levels among training sets.   

For the ratio of two different dis’s, it weights the results of the 
majority-voting algorithm by taking the similarity of shapes 
between two histograms. Remind that candidate i in the set CHist,i 
is defined as: 

( )2c1c}Cancer,Normal{2c,1c)s,2c(dis)s,1c(dis|1cC i,Hist ≠∧∈∧<=  (8) 

Hence, the factor of dis(c1,s)/dis(c2,s) makes βi become smaller, 
and thus a higher degree of similarity is contributed to meta-
decisions because of similarity of the regular histograms.  

In contrast, if the two decisions are different, the factors, 
representing the similarity of the regular histogram comparisons, 
are excluded. The factors of (IFc1,i/IFc2,i) aim at minimizing 
variations between classes and bias of either class. Therefore, the 
factors are also used to adjust the values of βi. However, the 
factors of dis(c1,s)/dis(c2,s) are weighted factors which give 
higher ranks to decisions because of similarity of the regular 
histograms. For the case of different decisions between two 
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algorithms, the previous method is not appropriate. In fact, the 
histograms are constructed by a set of significant genes, which are 
selected and extracted after the accession numbers alignment. 
Also, the significant genes are ranked in terms of their differential 
gene expression levels between two classes, which is independent 
on variations of gene expression levels among different data sets. 
Therefore, it is possible that (1) some significant genes are 
omitted during the accession numbers alignment, and (2) selected 
and extracted significant genes, based on training sets, may cause 
misleading results. As a result, we use another method and have 
the following equations for the case of different decisions: 

dNormal = βi ×  IFCancer, i / IFNormal, i (9) 
dCancer = βi × IFNormal, i / IFCancer, i (10) 

Finally, calculated dNormal and dCancer are adjusted on log2 scale, 
and individual results corresponding to their training sets are 
added together, expressed as dAcc_normal and dAcc_cancer for normal 
and cancer classes. Their magnitudes are compared, and the 
classes with smaller magnitudes become meta-decisions of the 
testing sample.  

  

Table 1. Information of data sets. 
Data set 

ID 
Cancer 

type Authors Accession 
annotation 

Normal sample 
size 

Cancer sample 
size Training data Testing data 

1 Bladder Ramaswamy et al. [18] Hu35K 7 11  √ 
2 Brain Pomeroy et al. [16] Hu35K 4 10  √ 
3 Colon Notterman et al. [14] GenBank 4 4  √ 
4 Lung Bhattacharjee et al. [1] U95A 17 126 √ √ 
5 Lung Ramaswamy et al. [18] Hu35K 7 8 √ √ 
6 Ovary Welsh et al. [25] Hu35K 3 30  √ 
7 Prostate Singh et al.  [22] U95A 9 25 √ √ 
8 Prostate Welsh et al. [24] U95A 50 52 √ √ 
9 Prostate Ramaswamy et al. [18] Hu35K 9 10  √ 

10 Uterus Ramaswamy et al. [18] Hu35K 6 10  √ 

Table 2. Number of common genes between training and testing data sets. 
  Testing data set ID 
  1 2 3 4 5 6 7 8 9 10 

4 7091 6153 6045 12599 7091 6153 12249 12599 12249 7091 
5 13774 8391 7840 7091 13774 8391 6808 7091 6808 13774 
7 6808 5949 5841 12249 6808 5949 12625 12249 12625 6808 

Training data set ID 

8 7091 6153 6045 12599 7091 6153 12249 12599 12249 7091 

Table 3. Experimental results compared wit the majority-voting meta-classification. 
Testing 
set ID Type Approach Accuracy (%) Sensitivity (%) Specificity (%) Cost of learning 

savings 
Majority-voting 73.61±9.49 39.29±31.68 95.45±5.25 5±3.92 1 Bladder 
MIF algorithm 84.72±2.78 60.71±7.14 100.00±0 8.5±1 
Majority-voting 75.00±7.14 25.00±35.36 95.00±5.77 1.5±2.38 2 Brain MIF algorithm 83.93±3.57 68.75±12.5 90.00±8.16 4.5±0.58 
Majority-voting 87.50±0 75.00±0 100.00±0 6±0 3 Colon 
MIF algorithm 87.50±0 75.00±0 100.00±0 6±0 
Majority-voting 96.50±0.81 94.12±0 96.83±0.92 28±1.15 4 Lung MIF algorithm 94.76±1.21 97.06±5.88 94.44±1.71 26±1.83 
Majority-voting 75.00±3.21 42.86±20.2 95.45±9.09 5.5±1.91 5 Lung MIF algorithm 91.67±3.56 85.71±0 95.45±9.09 11.5±1 
Majority-voting 80.30±5.25 0.00±0 88.33±5.77 -3.5±1.73 6 Ovary MIF algorithm 84.85±2.47 33.33±0 90.00±2.72 -1±0.82 
Majority-voting 100.00±0 100.00±0 100.00±0 18 7 Prostate MIF algorithm 96.32±2.82 91.67±5.56 98.00±2.31 16±1.41 
Majority-voting 63.16±11.37 33.33±39.54 90.00±14.14 5±5.72 8 Prostate MIF algorithm 57.11±5.85 15.50±12.58 97.12±1.11 14±12.25 
Majority-voting 75.00±3.21 42.86±20.2 95.45±9.09 5.5±1.91 9 Prostate MIF algorithm 68.42±11.37 52.78±29.22 82.50±15 7.75±4.57 
Majority-voting 81.25±5.1 66.67±23.57 90.00±11.55 7±2 10 Uterus MIF algorithm 81.25±0 75.00±9.62 85.00±5.78 7.5±0.58 
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4. EXPERIMETNS & DISCUSSIONS 
To measure the classification performance, four measurements are 
used as performance indicators. Classification accuracy, 
sensitivity, specificity and learning 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 (Sn) – Sn =TP/TP+FN) 

• Specificity (Sp) – Sp=TN/(TN+FP) 

• Learning cost savings (sav) – sav=[(FN+TP)*2]-(FP+2*FN) 

4.1. Data sets 
In order to demonstrate the robustness of the MIF algorithm, 10 
different data sets, which are individually published in 8 
publications, are experimented. They are heterogeneous since they 
were conducted by different laboratories with different 
experimental objectives, 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 arbitrarily selected as 
training data sets for extension and continuity of our previous 
works in [7], and all of them are used for testing. 

As stated in table 1, there are three different accession numbers 
annotations, and therefore a process of standardization is required. 
We map the Hu35K and GenBank annotations into the U95A 
annotation according to the mapping table done by Ramaswamy 
et al. [17]. In fact, the mapping is not simply one-to-one mapping. 
There may be duplicated accession numbers in the mapped data 
set. Thus, an extra pre-processing step is performed to combine 
the expression levels by averaging all expression levels of the 
same accession numbers. After the standardization, it is required 
to find out those commonly existed genes for pairs of 
heterogeneous data sets and align their expression levels. In fact, 
the numbers of gene among different data sets are varied. 
Unavoidably, some expression levels are omitted because of 
missing data in either data set of pairs. Hence, the number of 
genes in aligned sets is either smaller or equals to the number of 
genes in the original data sets. Finally, we have table 2, which 
shows the number of commonly existed genes between training 
and testing data sets. 

4.2. Results 
In this section, we first compare the results of the MIF algorithm 
with that of the majority-voting algorithm, and then the results are 
compared with the works done by Bloom et al. [2]. Bloom’s 
method is to perform multi-platform and multi-site microarray-
based tumor meta-classification, and they used the measurement 
of classification accuracy as performance indicator. For 
parameters settings, the numbers of required bins nb, and 
significant genes ng, are set as 25 and 100. In addition, α%, which 
is the percentage of candidate bins to be trimmed, is set to 10% 
for achieving the optimal performance after some empirical 
studies. For classifiers training scheme, 70% of samples in each 
training data sets are selection for individual training at random, 
and all samples in testing data sets are used for performance 
measurements. In order to estimate the standard deviation of the 
performance, each training set is trained 100 times with different 
training candidates selected randomly.  

In table 3, it shows that the MIF algorithm outperforms the 
majority-voting algorithm in terms of classification accuracy, 
sensitivity, specificity and cost of learning savings. Except for the 
cases of prostate cancer, the MIF algorithm achieves around 85% 
of accuracy, 65% of sensitivity, 90% of specificity and 
comparatively higher savings on learning cost. 

For the classification accuracy, the data sets of lung cancer have 
the highest performance, but all cases of prostate cancer have little 
performance reduction. For lung cancer, the accuracy is higher 
than 90% for both cases (i.e. Bhattacharjee and Ramaswamy). 
Although there is 2% reduction for the data set Bhattacharjee, the 
accuracy for the data set Ramaswamy is increased from 75% to 
91%. However, all data sets of prostate cancer have different 
degrees of performance degradation. There are reductions of 7%, 
6% and 7% for the accuracy of the data set Singh, Welsh and 
Ramaswamy. In addition, it shows that two of them, which are 
Welsh and Ramaswamy, perform worse than other cases not only 
with the majority-voting algorithm, but also with the MIF 
algorithm. They only achieve around 60% for the accuracy, which 
is 20% lower than the average cases. For other cancer types, 
including bladder, brain, colon, and uterus, their average accuracy 
is around 85%. For the standard deviations of the accuracy, the 
MIF algorithm achieves smaller standard deviations for most 
cases. For the cancer types of bladder, brain, ovary and uterus 
cancers, the improvement is more than 50%. For the cancer types 
of lung and prostate cancers, the significance results are varied.  

For the classification sensitivity and specificity, the MIF 
algorithm can have better balanced recall rates between normal 
and cancer samples, except for the cases of prostate cancer. 
Classification algorithms should have similar recall rates for 
samples in both classes so that the algorithms are unbiased to 
either class. Euclidean distance of sensitivity, Sn, and specificity, 
Sp, can be used to show the balance of recall rates between 
samples in two classes, and the distance is: 

2
p

2
npn SS), SSEuclidean( +=  (11) 

In table 4, it shows that the MIF algorithm 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 classification accuracy, the data sets of 
prostate cancer do not have impressive 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. 

Testing set 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 also compared our results with bloom’s 
results in [2]. In table 5, it shows that the MIF algorithm 
outperforms Bloom’s works for bladder  and uterus cancers, and 
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maintains the same performance for lung cancer. However, there 
is performance reduction for prostate cancer.  

Table 5. Comparison of results with other works.  
Classification accuracy (%) Testing set ID Type 

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

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

 Cancer type 
 Bla Bra Col Lun Ova Pro 

No. of included lowly-expressed 
CT genes with a low expression 
frequency, <= 20% 

17 5 12 29 11 11 

No of included CT highly-
expressed genes with a high 
expression frequency, > 20% 

11 4 3 17 7 6 

Proportions of commonly 
existed highly-expressed genes 
to lung cancer 

7/11 3/4 2/3 29/29 5/7 2/6 

Proportions of commonly 
existed highly-expressed genes 
to prostate cancer 

4/11 1/4 1/3 2/29 2/7 6/6 

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

In our studies, we have analyzed how the proportions of shared 
highly-expressed CT genes between training and testing samples 
play a vital role in meta-classification performance of 
heterogeneous data. We investigated how the number of included 
lowly- and highly-expressed CT genes is varied with the 
classification performance. Table 6 shows the number of included 
lowly- and highly-expressed CT genes in various cancer types. 
Lung cancer has the highest proportions of both types of CT 
genes, and brain 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 exceptional 
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 
achieve classification accuracy of 75% in average, but the data set 
of ovary cancer can achieve 84% instead. Hence, it may be 
deduced that there is no direct and linear relationship between the 
number of included lowly- and highly-expressed CT genes and 
the classification performance.  

Further, we have investigated how the number of shared highly-
expressed CT genes between training and testing samples is in 
relation to the classification performance. In table 6, the last two 
rows show the proportions of the highly-expressed CT genes 
between the corresponding samples, and both lung and prostate 
cancers, respectively. If we consider the proportions together with 
the corresponding classification performance, we will have figure 
6. In the figure, the classification performance has the same 
increasing and decreasing trends as the proportions of the CT 
genes to lung cancer, but reversed trends for the proportions to 
prostate cancer, except for the case of brain cancer.  

Together with figure 6 and table 6, we can see that the proportions 
of shared highly-expressed CT genes between training and testing 
samples has impacts on classification performance, and the data 
sets of lung cancer have dominated roles at meta-decisions 
because of higher proportions of shared highly-expressed CT 
genes between training and testing samples. In the figure, lung 
cancer always has higher proportions of shared highly-expressed 
CT genes with other cancer types, except for the prostate cancer. 
The classification accuracy is higher than 80% in average. 
However, the classification accuracy for prostate cancer has been 
dropped significantly. It may be evidence to show that the 
decrease of the performance for prostate cancer is caused by lack 
of shared highly-expressed CT genes between training and testing 
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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 
lack of the genes between lung and prostate cancers. The possible 
explanation is that the number of included lowly- and highly-
expressed CT genes in various cancer types. The fact is that the 
number of both included lowly- and highly-expressed CT genes to 
lung cancer is almost 3 times higher than that of prostate cancer, 
causing that data sets of lung cancer may have higher weights at 
meta-decisions. In addition, in figure 6, the decreasing rate of the 
performance for prostate cancer is less than that of the proportions 
of shared highly-expressed CT genes to lung cancer because of 
the increase of shared CT genes in prostate cancer (i.e. the 
ordinary type).  

5. CONCLUSIONS 
With the innovation of DNA microarray technologies, different 
mining algorithms have been proposed to discover knowledge in 
cancer gene expression data. Significant findings are recently 
exploited. However, most works are done with a single data set. In 
terms of efficiency and effectiveness of mining algorithms with 
respect to clinical applicability and robustness, it is too weak to 
draw conclusions because of the problems of over-fitting and 
homogeneity within a single data set.  

In this work, we proposed the MIF algorithm to perform multi-
type cancer gene expression data classification, which uses 
differences of regular histograms for gene expression levels of 
certain significant genes as parts of dissimilarity measures and 
indicators of predictive classes. In the experiments, we have 
intensively used 10 different data sets to show the reliability and 
robustness of the MIF algorithm. The results are impressive. The 
classification accuracy 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) immunogenic gene 
families. We have discovered that the numbers of shared highly-
expressed (i.e. expression frequencies > 20%) CT genes between 
training and testing samples have impacts on the classification 
performance of heterogeneous samples.  
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ABSTRACT 
Unsupervised identification of patterns in microarray data has 
been a productive approach to uncovering relationships between 
genes and the biological process in which they are involved. 
Traditional model-based clustering approaches as well as some 
recently developed model-based mining approaches for 
integrating genomic and functional genomic data rely on one’s 
ability to determine the correct number of clusters or modules in 
the data. In this paper we demonstrate that the performance of 
such methods in general can be significantly improved by 
accounting 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 traditional 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 a relatively large microarray dataset. 
Finally, we describe the novel heuristic modification of the Gibbs 
sampler used to fit the infinite mixture mode that effectively deals 
with issues of slow mixing.   
Keywords 
Guides, instructions, authors kit, conference publications. 

1.INTRODUCTION 
Unsupervised identification of patterns in microarray data has 
been a productive approach to uncovering relationships between 
genes and the biological process in which they are involved. 
Conceptually, unsupervised learning from microarray data can be 
done by identifying genes with similar expression patterns across 
different experimental conditions, identifying groups of 
experimental conditions or biological samples with similar 
expression profiles, or the two dimensional clustering that 
simultaneously clusters genes and biological samples. In this 
paper we will be talking mostly about identifying groups of genes 
with similar expression patterns (profiles) across different 
biological samples. Groups of such genes are said to be co-
expressed and they define patterns of expression. The utility of 
identifying such groups of co-expressed genes is in the 
assumption that the co-expression is a reflection of a shared 
regulatory mechanism driving similarities of expression profiles. 
Consequently, such groups of genes can be used as a starting point 
for dissecting expression regulatory mechanisms [23], or 
functional annotation by assuming that functionally-related genes 
are most likely to be co-regulated [5]. 

Clustering methods used for unsupervised identification of co-
expressed genes can be loosely grouped into heuristic methods 
based on various distance measures, and model-based methods 

which are based on the probabilistic model of the data generation 
process. Given a distance measure, various heuristic methods 
proceed to organize gene expression profiles in a hierarchical 
fashion [3] or by partitioning them into a pre-specified 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 
probabilistic model.  Parameters in such a model define clusters of 
similar observations and a cluster 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 individual 
profiles are assumed to have been generated by a common 
underlying “pattern” represented by a multivariate Gaussian 
random variable. Given the correct number of mixture 
components (clusters) one can use an EM algorithm to estimate 
parameters of this model and then use the parameter estimates to 
assign individual profiles to appropriate clusters. Recently, 
various generalizations of the Bayesian mixture approach in terms 
of sophisticated Bayesian probabilistic models have been used to 
integrate various pieces of additional information in the process of 
identifying co-expressed genes [21;22], and to identify “modules” 
of co-regulated genes through the integrated modeling of 
combinatorial regulation mechanisms and gene expressions via 
context-specific Bayesian networks [19].  

The common denominator of the above-mentioned model-based 
methods is that they rely on the prior specification of the number 
of clusters in the data or on one’s ability to determine the correct 
number of clusters from the data. When the correct number of 
clusters is determined in the data analysis (e.g. by calculating 
Bayesian Information Criterion – BIC for models with different 
number of clusters), uncertainties related to its selection are 
generally not taken into account in the subsequent analysis. 
Previously we described the Bayesian Infinite Mixture (IM) 
model for the clustering of gene expression profiles [12] which 
effectively circumvents the problem of identifying the “correct” 
number of clusters. In our approach, the clusters are formed based 
on the posterior distribution of clusterings, which is generated by 
a Gibbs sampler. The clusterings generated by the Gibbs sampler 
can vary from one cycle to the next. Consequently, posterior 
probabilities with various features of the posterior distribution of 
clusterings are obtained after averaging over models with all 
possible number of clusters.   

In this paper we describe a new simulated annealing-motivated 
algorithm for sampling from the posterior distribution of 
clusterings that effectively solves the severe mixing problem 
exhibited by Gibbs sampler in high-dimensional situations. More 
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importantly, we demonstrate dramatic positive effects that 
Bayesian averaging can have on discovering patterns in 
microarray data through both a simulation study and the analysis 
of a relevant real-world microarray dataset. These results are 
likely to bear on further development of model-based 
unsupervised learning methods that rely on either the specification 
of the correct number of clusters or its estimation from the data. 

2.FINITE AND INFINITE MIXTURES 
MODEL BASED CLUSTERING FOR 
MICROARRAY DATA 
Suppose that T gene expression profiles were observed across M 
experimental conditions. If yij represents the expression 
measurement for the ith gene under jth experimental condition then 
yi=(yi1,yi2,…,yiM) represents the expression profile for the ith gene.  
In a mixture model, each gene expression profile is viewed as 
being generated by one out of Q different underlying expression 
patterns.  Expression profiles generated by the same pattern form 
a cluster of similar expression profiles.  If ci is the classification 
variable indicating the pattern that generates the ith mean 
expression profile (ci=q means that the ith expression profile was 

generated by the qth pattern), then a “clustering” is defined by a 
set of classification variables for all genes C=(c1, c2,…, cT).  
Underlying patterns generating clusters of expression profiles are 
represented by multivariate Gaussian random variables.  Profiles 
clustering together are assumed to be a random sample from the 
same multivariate Gaussian distribution. 
The hierarchical structure of the model is described in terms of a 
Directed Acyclic Network in Figure 1.  Nodes (squares) in this 
diagram represent random variables and directed arcs (arrows) 
specify conditional dependences between variables in terms of the 
directed Markov property, which states that a variable is 
conditionally independent of its non-descendants given its parents 
in the model. M=(µ1,…, µQ) and Σ=(σ1

2I,…, σQ
2I) denote means 

and variance-covariance matrices of multivariate Gaussian 
random variables defining Q underlying patterns respectively (I 
denotes the identity matrix). Variables (λ, τ), (β,φ), and α are 
hyper-parameters in prior distributions of model parameters M, Σ 
and C respectively. In the case of an FM model, the number of 
mixture components (Q) is considered fixed, while the IM model 
represents the limiting case when Q→∞. Details of the 
development of IM models and their relationship to mixtures with 
a Dirichlet process prior [4] are described elsewhere [15;17]. We 
have previously described Bayesian versions of both finite and 
infinite mixtures and corresponding Gibbs samplers [12;14]. In 
this paper, finite mixtures model were treated from a frequentist 
perspective and estimated using the EM algorithm as implemented 
in the MCLUST software [6]. The Gibbs sampler for estimating 
the posterior distribution of clusterings in the IM model is 

described below. The specification of the prior distribution for 
classification variables (C) determines whether the model 
represents finite or infinite mixtures. 

2.1Gibbs Sampler 
Gibbs sampler [7] is a general procedure for sampling 
observations from a multivariate distribution.  A Gibbs sampler 
proceeds by iteratively drawing observations from complete 
posterior conditional distributions of all components.  As the 
number of iterations approaches infinity, such a sequence 
describes observations from the joint multivariate distribution. In 
our case, we use the Gibbs sampler to estimate the joint posterior 
distribution of all parameters in our hierarchical model, given the 
data. We then use the marginal posterior distribution of 
clusterings to calculate posterior pairwise probabilities of 
coexpression (PPPC) for all pairs of expression profiles. Suppose 
that the sequence of clusterings (CB, CB+1,…, CS) was generated 
by the Gibbs sampler after B “burn -in” cycles. The pair -wise 
probabilities for two genes to be generated by the same pattern are 
estimated as: 

B-S

ccfor which  in"-burn"after   samples of #
 P ji

ij

=
= . 

Using these probabilities as a similarity measure, clusters of 
similar expression profiles are created using a traditional 
agglomerative hierarchical clustering with similarities between 
groups of profiles being defined using the complete linkage. 
Complete descriptions of the posterior conditional distributions 
used by the Gibbs sampler can be found in [12], with the slight 
modification of using an independent, equal variance, covariance 
structure while in the original model we used the different 
variance elliptical model. 

2.2Convergence of the Gibbs sampler 
Two aspects of the Gibbs sampler convergence that generally 

need to be assessed 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 sampler approximates the 
target distribution. It has generally been well documented that the 
simple Gibbs sampler often has very poor 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 computationally 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, because the sampler 
fails to visit all areas with significant posterior probabilities, 
confidence estimates in the generated clustering will be biased. 
Previously, we described a heuristic algorithm for “heating up” 
the Markov chain described by the Gibbs sampler by using 
“reverse annealing.” The optimal annealing schedule was chosen 
based on running a significant number of independent chains with 
different maximum annealing constants. Here we describe a new 
heuristic algorithm that adjusts the annealing exponent 
dynamically. Consequently, only a single run is needed to 
estimate the posterior distribution. 

If π(.) is the target posterior distribution, “reverse annealin g” 
refers to “flattening” of the posterior distribution using the 

transformation 1   ,
)(
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Figure 1: Bayesian mixture model 
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normalizing constant. Based on this general idea, if p(ci=j|C-i, Θ) 
is the conditional posterior probability of placing the ith profile 
into the jth cluster then “flattened probabilities” are defined as  

1   ,
)(

),C |jc (
 ) ,C|jc ( i-i)(

i-i <Θ==Θ= ξ
ξ

ξ
ξ

K
p

p .  

Since the mixing problem with the Gibbs sampler for the IM 
model can be particularly pronounced in its inability to generate 
new clusters, we keep track of the posterior probability of placing 
a profile in a new cluster. If this probability pnew is below the 
given threshold pmin, we decrease ξ by the value ξstep. If pnew is 
above pmin, we increase ξ by ξstep. Possible values of ξ are further 
constrained by the requirement that 0<ξmin<ξ<ξmax≤1. Our 
modified Gibbs sampler now proceeds by generating ncold samples 
from the unmodified conditional posteriors (cold cycles). It then 
generates a single sample using “heated” classification 
probabilities (heated cycle). The pnew from the heated cycle is 
used to increase or decrease the value of ξ by ξstep. However, only 
the sample from the last cold cycle (ncold cycles after the heated 
cycle) is used in the estimation of the posterior distribution of 
clusterings. In our simulations, we used ncold=5, ξmin=0.1, ξmax=1, 
pnew=0.01 and pstep=0.1. Due to the high computational complexity 
in the analysis of the cancer data, we used ncold=3. 

2.3Finite mixture model and EM algorithm 
We used the MCLUST package’s EMclust procedure to fit  

finite mixture models to our simulated and real-world data sets. 
The optimal number of clusters was selected by calculating the 
Bayesian Information Criterion (BIC) [18] for models for 
different number of clusters. The only model used in this study 
was the equal variance, independent, spherical shape (EII) 

covariance model [6]. The EMclust procedure fits the finite 
mixture model by first performing an appropriate model-based 
hierarchical clustering (in the case of the EII model this amounts 
to the Ward’s clustering algorithm). Resulting parameters are used 
as a starting point for the EM algorithm. Given the maximum 
likelihood estimates of the model parameters, profiles are 
assigned to clusters based on the posterior probabilities being 
generated by different mixtures components and the Maximum A 
Posteriory (MAP) hypothesis. To compare the performance of the 
FM model to the IM model, we also calculate FM model based 
PPPC’s as  

∑
=

===
Q

1k
jiij )kp(c)kp(c P , 

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

3.SIMULATION STUDY 
First, we assessed the importance of Bayesian model-averaging in 
a simulation study. The study was designed to assess the 
performance of both FM and IM models in the frequentist sense. 
That is, we assessed the power of the two clustering methods to 
separate two different clusters in repeated experiments. We 
simulated 100 datasets each representing the clustering structure 
depicted in Figure 2. The heat map represents the values of the 
mean vectors for mixture components generating each profile. 
Red represents the value of 1 and the black represents the value of 
0. For example, in each dataset, profile “g1” was randomly drawn 
from the 15-dimensional Gaussian random distribution whose 
mean vector is equal to 1 in first 5 dimensions (e1,…,e 5) and 0 in 
other 10 dimensions (e6,…,e 15). The covariance matrix σ2I was 
used so that the data is compatible with our model assumptions. 
Data was simulated for σ∈c. This range allowed us to assess the 
performance of the two approaches in easy and progressively 
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 
conditions of our simulation study. Therefore, we are focusing on 
the more difficult task of separating clusters 1 and 2. Profiles from 
these two clusters differ only within first 5 dimensions 

(“experiments”) and Cluster1 is defi ned by only two profiles. The 
major question we are asking is how often can we expect the two 
clusters to be separated. We are assessing this question by 
observing the distribution of PPPC’s for the two profiles in 
Cluster1 in relation to PPPC’s between pr ofiles in Cluster1 and 
Cluster2. In a sense we are assessing the ability of our clustering 
methods to correctly conclude that profiles in Cluster1 are 
different from profiles with Cluster2. However, unlike traditional 
statistical hypothesis testing procedures, we do not supply the 
labels for profiles that we are comparing. 

E1  E2  E3  E4  E5  E6  E7  E8  E9  E10 E11 E12 E13 E14 E15 

C lu ster  1

C lu ster  2

C lu ster  3

C lu ster  4

E1  E2  E3  E4  E5  E6  E7  E8  E9  E10 E11 E12 E13 E14 E15 E1  E2  E3  E4  E5  E6  E7  E8  E9  E10 E11 E12 E13 E14 E15 
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C lu ster  1

C lu ster  2

C lu ster  3

C lu ster  4

Figure 2: Heat map of the clustering structure for the simulated data. Total of 
20 15-dimensional profiles belonging to 4 unbalanced clusters are generated in 
each dataset. 
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Results of this simulation study support our thesis that FM 
model-based clustering in which the number of clusters is chosen 

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 “over -confidence” of the FM -based PPPC’s which is 
typical of a statistical analysis that fails to take into account all 
sources of uncertainty (i.e. variability). The majority of the 
PPPC’s generated by the FM model are clustered around 0 and 1 
indicating the high confidence in the separation or non-separation 
in all situations, even when they are wrong. For example, for the 
highest noise level, close to 70% of between cluster PPPC’s are 
greater than 0.9 indicating high confidence in the false conclusion 
that these profiles belong to the same cluster. On the other hand, 
PPPC’s seem 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 of PPPC’s offering a 
high confidence in the false conclusion remains low even in the 
noisiest situation.  

We can further drive the analogy with traditional statistical 
hypothesis testing procedures by constructing Receiver Operating 
Characteristic (ROC) curves that assess the ability of a clustering 
method to correctly separate profiles from different clusters. We 
are again focusing of ability to separate profiles in Cluster1 from 
profiles in Cluster2. For a fixed cut-off point X, we consider that 
the clustering procedure is correctly concluding that a profile i 
from Cluster1 does not belong to Cluster2 if  
max{p(ci=cj for all profiles j from Cluster2}<X. We consider that 
the clustering procedure is incorrectly concluding that profile 1 

and profile 2 from Cluster1 do not belong in the same cluster if 
p(ci=cj)<X. The true positive rate (TPR) is the proportion of times 

that a correct decision is made and the false positive rate (FPR) is 
the proportion of times that an incorrect decision is made. As the 
cut-off X is increased from 0 to 1, both TPR and the FPR will 
increase. The area under the curve relating the TPR and FPR as X 
is increased from 0 to 1 describes the efficiency of a statistical 
procedure with the random decision-making having an area of 0.5 
while the ideal statistical procedure would have an area equal to 1.  
ROC’s for the FM and IM models for different noise levels are 
given in Figure 4. It seems that for each, except the lowest noise 
level, the IM model significantly outperforms the FM procedure. 

4.CANCER DATA ANALYSIS 
While the simulation study seems to indicate the importance 

of model averaging in the model-based cluster analysis, the 
question remains whether these advantages make any difference 
in the context of analyzing real-world data. Demonstrating 
advantages of one clustering method over another in the context 
of real-world data is complicated by the uncertainties related to 
the “correct” clustering which is generally not known. To address 
this question we reproduced the analysis described by [10]. They 
demonstrated how human cancer databases of microarray data 
could be used to study a molecular mechanism 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 of the relationship between CD1 and these 21 
genes in a cancer gene expression database [16]. The statistical 
significance of that association in the cancer data was established 
by showing that the distribution of Euclidian distances between 
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Figure 3: Histograms of PPPC’s for pairs of profiles belonging to the same cluster (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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expression profiles of these gene and CD1 were higher then 
expected by chance (p-value=0.048 using a resampling version of 
the Kolomogorov-Smirnov test). The conclusion was that the in-
vitro signature of the CD1 overexpression is preserved in primary 
human tumors. We clustered the cancer expression data using the 
Euclidian distance, IM and FM models with the optimal number 
of clusters (56), elected by the BIC as described before (Figure 5). 
Based on results of these cluster analyses, two important points 
can be made: (1) just by a visual inspection of heat maps, it is 
apparent that model-based clustering approaches (both FM and 
IM) created “cleaner” groupings of genes with similar expression 
patterns than the Euclidian distance-based hierarchical clustering 
procedure. (2) the over-confidence of the FM model, noted in the 
analysis of the simulated data, is evident in this analysis as well. 
The consequence of such an over-confidence is that the FM model 
identifies only 2 of the 21 genes of interest to be significantly 

associated with CD1. On the other hand, the IM model identifies 7 
of them.  

The distribution of the Euclidian distances also seems to suggest 
that only the associations between CD1 and three of the 21 genes 
of interest are above the experimental noise. In the context of the 
Kolmogorov-Smirnov (KS) analysis of Euclidian distances 
(Figure 3A in Lamb et al. 2003), there are indications that actually 
7 to 10 of the 21 genes are contributing to the significance of the 
association. However, the statistical significance of this 
observation is impossible to assess within their framework. These 
results suggest that the IM model is capable of identifying most 
biologically meaningful relationships in the data by integrating the 
power of the model-based approach to pull information from the 
whole dataset while accounting for the uncertainty introduced by 
not knowing the number of clusters in the data. 

5.DISCUSSION 
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 
biological question using a relatively large microarray dataset. We 
demonstrated that the performance of the traditional finite mixture 
clustering approach in which the optimal number of clusters is 
chosen using the BIC suffers from over-confidence in false 
conclusions probably due its inability to account for uncertainties 
related to the choice of the right number of clusters. The 
significantly better performance of the equivalent IM model in 
both the simulation study and the analysis of the real-world data is 
most likely due to its ability to estimated the posterior distribution 
of clusterings by effectively averaging over models with all 
possible number of clusters. The consistency and the precision of 
the results obtained by the IM approach also suggest that our 

heuristic modification of the Gibbs sampler effectively alleviates 
the problem of slow mixing.  

We have previously demonstrated the advantages of using 
model-based clustering approaches over the traditional distance-
based heuristic algorithms [14;25]. Model-based methods allow 
for the precise treatment of the statistical characteristics of the 
data under investigation, such as replicated observations. 
Furthermore, when compared to traditional distance measure-
based hierarchical clustering algorithms, they are more efficient in 
using the information from the whole datasets instead of using 
two vectors of observations at a time. This advantage has been 
nicely demonstrated in our 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 
allow for estimation of the number of clusters by assessing the 
relative fit of models with different numbers of clusters.  
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Figure 4: ROC curves describing the ability of the two models to separate the Cluster1 from Cluster2.  
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Recently introduced generalizations of the traditional mixture 
models, based on the context-specific Bayesian networks [20], 
allow for identifying more complex relationships between 

different genes as well as incorporating other types of the data in 
the analysis [21;22]. In this respect, our analysis strongly suggests 
that the general practice of fixing the number of clusters, 
components, or modules in terms of [19], before fitting 
appropriate models might need some modifications. One possible 

solution for this problem could be the adaptation of the IM 
paradigm for such complex models. Another possible solution 
could go along the line of averaging results obtained by fitting 

models with different number of components in a post-hoc 
analysis. 

It is important to notice that the uncertainties in the process 
of identifying the correct number of clusters are not necessarily 
the only source of uncertainties that are not taken into account by 
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Figure 5: A) Cluster analysis based on the Euclidian distances (left), IM model PPPC’s (middle), and FM 
model PPPC’s (right). B) Histograms of corresponding similarity measures for all genes with CD1. Circles 
represent the similarity measures for the 21 genes identified in the laboratory experiments. 
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the traditional FM approach. In high-dimensional situations, such 
as the cancer data analyzed in this paper, the log-likelihood 
maximized by the EM algorithm is almost certainly multi-modal 
and using any kind of strategy for choosing the “optimal” starting 
position will not guarantee that the solution will be globally 
optimal. Since the BIC calculation is based on results of the EM 
algorithm, these types of computational inadequacies will 
contribute to the overall uncertainty in the selection of the 
“optimal” number of clusters. Furthermore, such computa tional 
problems can result in sub-optimal clustering given the “optimal” 
number of cluster. Using different variants of the EM algorithm 
designed to alleviate this problem [13] can sometimes help, but 
the convergence to the globally optimal solution is still never 
guaranteed. In this respect, a properly mixing Gibbs sampler can 
offer another advantage due to its ability to describe the whole 
posterior distribution instead of searching for the highest mode of 
the likelihood function. We performed a limited evaluation of the 
convergence properties of the overall estimation approach (data 
not shown) and determined that EM convergence issues were 
probably not a factor in our simulation study due to the relatively 
simple clustering structure, but they were likely an additional 
source of uncertainty in the analysis of the cancer data.  
The purpose of our analysis was not to disparage the BIC as the 
criterion for choosing the right number of clusters, but rather to 
demonstrate the problem of the whole approach in which the right 
model is chosen based on a preliminary analysis of the data, and 
where the uncertainties inherent in this process are not propagated 
into the final estimates of uncertainties about conclusions made 
based on the whole analysis process. Empirical studies have 
shown that the criterion works quite well in identifying the correct 
number of mixture components [1]. On the other hand some 
recent evaluations showed that an alternative approach of 
statistical hypothesis testing-based determination of the number of 
clusters [8] is more robust with respect to the deviation from the 
assumption of the models for individual mixture components. 
Unfortunately, these evaluations were made assuming only the 
simplest possible model for the calculation of the BIC, as implied 
by the K-means algorithm. It remains unclear if these advantages 
persist after using the complete FM approach for choosing the 
right covariance structure as 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 correct, as was the case in our simulation study. 
Altogether, the BIC approach remains one of the dominant criteria 
for choosing models in statistical practice, and it is not clear that 
any alternative 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 selecting the right number of clusters in the 
context of model-based clustering. 

Finally, although our heuristic Gibbs sampler modification has 
been performing very well in all situations we encountered so far, 
it is not clear how closely does the modified sampler approximate 
the posterior distribution defined by the IM model. This is 
problematic since some of the nice conceptual features of the 
Bayesian IM framework depend on being able to sample from the 
true posterior distribution defined by the model. For example, the 
meaning of the posterior pairwise probabilities is not clear unless 
we can claim that they are derived from the hierarchical statistical 
model in Figure 1. We can 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 

methods for fitting conjugate infinite mixture models [9]. 
However, to the best of our knowledge, alternative MCMC 
samplers for non-conjugate models, such as the model described 
here, have not yet been developed.  
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3.1 Cross Validation For Customized Decision
Rules
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3.2 Predicting functions for the unlabeled genes
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Â&µ$¿ »�µ�²MÆJµ$Æ$ýIþTÃ>Ç/Å�ÿ6µ$Æ5º:½/»�µ Å�º:ÄV½/»JÃ!²/À+¿$µ � È+Å�Ç6È.µ�»�ÆJ¿$½/»�µ��IÃ�½�À.½	Â&µ$Æ
� ÅYÃ�È�º:½/»�µ�ÄV½6ÆJÅYÃ�Å�ÿkµ�´�µ�²�ÿkµ$Æ����
	 ��	
�@Ã�½z´�²1»�Ç6µ »�»�µ Ç6Å�½6À+Æ�½/¾IÄV½6ÆJÅYÃ�Å�ÿkµ¿ ½6À.¿ µ$À;ÃJ»!²MÃ�Å�½6À���ÆJÅ�À.¿$µ � µ�»�µ$Çk²1»!Â=ÆJ¹.¿!È=»�µ$Ç/Å�½/À.Æ�Ã�½Q³Vµ�º:½M»�µ�ÆoÃ!²MüÃ�Å�ÆoÃ�Å�¿�²M´�´Y¼àÆJÅ�Ç/À.ÅYÁ�¿�²MÀ;Ã�ý��{µ�È�²�ÿkµ�¹+ÆJµ�Â�������	 �K²/À.ÂÔÈ�²�ÿkµ$À�� ÃÅ�À	ÿkµ$ÆoÃ�Å�Ç6²MÃ�µ�Â�Ã � µ�²��	Å�À.ÇzÃ�È.Å�Æ�Ä.²M»!²/º:µ�Ã�µ »�À.½M»�¹.ÆJÅ�À+Ç�½MÃ�È.µ » ¾[¹.À+¿ üÃ�Å�½/À.Æ�¾[½/»�Ã�È+µ�ÆJµ$¿$½6À.Â�¾t²M¿ Ã�½/» ½/¾iÃ�È+Å�ÆCµ��	¹.²MÃ�Å�½6À@ý��Kµ�Ã�È+µ$À�Â+µ�Á�À.µÃ�È+µQÆJ¿$½M»�µz½M¾�²=´�µ�²1¾>Ã�½=³VµQÃ�È.µ�º(²��&Å�º�¹.ºaÆJ¿$½M»�µ:½/¾C²/´�´NÅYÃ�� Æ�²MÀ+ü¿ µ$ÆoÃ�½/»�Æ � Å�À;Ã�µ »�À�²M´@À+½	Â+µ$Æ ��ýI¸	Å�À.¿$µ ¹.À.´�²M³Vµ$´�µ�Â�Æ�²Mº:Ä.´�µ$Æ>²1»�µ�´�µ�²�ÿkµ$ÆÅ�À:Ã�È.µ>ÃJ»�µ$µ��kÃ�È.µ ¼Q²/¹&Ã�½6º(²MÃ�Å�¿�²M´�´�¼�»�µ$¿$µ$Å�ÿkµC²�ÆJ¿$½/»�µ�� � È.Å�¿�È � µ ¹+ÆJµÃ�½�¿$´�²/ÆJÆJÅY¾�¼�Ã�È+µ$º�ý
!Iµ ¾[½M»�µ�³.¹+Å�´�Â&Å�À+Ç�Â&µ$¿$Å�ÆJÅ�½6À(»�¹.´�µ$Æ�� � µ ¹.ÆJµ�²FÃ�µ$¿!È.À+Å
�	¹+µ�ÆJÅ�º:Å�´�²M»>Ã�½Ã�È+µ�¿ »�½/ÆJÆFÿ6²M´�Å�Â+²MÃ�Å�½6Àg½/¾°Ã�È+µ�Ä&»�µ$ÿ	Å�½/¹.Æ�ÆJµ ¿ Ã�Å�½6ÀOý�ú5Ã�µ�²M¿�È�ÅYÃ�µ »!²MüÃ�Å�½/À"� � µ>µ$#�µ$¿ Ã�Å�ÿkµ$´Y¼�»�µ$º:½1ÿkµ>²�´�²M³Vµ$´�µ�ÂQÆ�²/º:Ä+´�µ>³;¼�ÃJ»�µ�²1Ã�Å�À.Ç�ÅYÃI²/Æ¹+À.´�²/³Vµ ´�µ$Â@ý>±5È+µ�ÆJ¿$½/»�Å�À+ÇzÄ&»�½;¿$µ$ÆJÆ Â+µ$ÆJ¿�»�Å�³Vµ$Â�²/³V½1ÿkµ�Å�ÆC»�µ ÄVµ�²MÃ�µ�Âµ$²/¿!È�Ã�Å�º:µ/ý°±5È+Å�Æ Ä&»�½Mÿ	Å�Â+µ Æ ²�ÆJ¿$½/»�µF¾[½M» Ã�È+µ�´�²/³Vµ$´�µ�Â�Æ�²Mº:Ä.´�µ�³Vµ üÅ�À+ÇQÃJ»�µ�²MÃ�µ�Â=²/ÆC¹.À.´�²M³Vµ$´�µ�Â@ý&%I²M¿�È=´�²M³Vµ$´�µ�Â�´�µ�²M¾?Å�ÆCÆJ¿$½/»�µ$Â�Å�À�Ã�È.Å�Æ
� ²$¼;ýþwÃ(Å�Æ�À+½ � µ$²/Æo¼äÃ�½K³.¹+Å�´�Â3²KÂ+µ$¿ Å�ÆJÅ�½/Àd»�¹.´�µ6ý'�Kµ=ÆJÅ�º:Ä+´Y¼3ÆJµ�Ãz²Ã�È&»�µ$ÆJÈ.½/´�Â��I²/À.Âê² ´�µ�²1¾�Å�ÆQ¿ ´�²MÆJÆJÅYÁ�µ�Âä²/Æ�ÄV½6ÆJÅYÃ�Å�ÿkµ�ÅY¾CÅYÃ�ÆQÆJ¿$½M»�µ�Å�Æ²M³V½1ÿkµzÃ�È+µ:Ã�È+»�µ$ÆJÈ+½6´�Â@ýg±P½ µ$ÿ/²/´�¹�²1Ã�µzÃ�È+µ:»�¹.´�µ(� � µ�²/Ä+Ä.´Y¼KÅYÃ�Ã�½´�²M³Vµ$´�µ�Âz´�µ�²�ÿkµ Æ��.²MÀ�Â:¿$½/º:Ä�²M»�µCµ�²M¿�Èz´�µ�²M¾�� Æ5ÃJ»�¹+µ ´�²/³Vµ ´�Ã�½�ÅYÃ�Æ°Ä&»�µ üÂ&Å�¿ Ã�µ�Â�´�²M³Vµ$´tý°úàÃ�È+»�µ ÆJÈ.½6´�Â(Ã�È�²MÃC²M¿�È+Å�µ$ÿkµ$Æ�²�¹.ÆJµ »JüwÆJÄVµ$¿$ÅYÁ.µ�ÂzÄ&»�µ ü¿ Å�ÆJÅ�½/ÀKÅ�Æ�Ã�È.µ$À�¿�È+½6ÆJµ$À@ýQø]Å�À.²/´�´Y¼)�P¹+ÆJÅ�À+Ç�Ã�È+Å�Æ�Ã�È&»�µ$ÆJÈ.½/´�Â�� � µQ¹+ÆJµÃ�È+µFÂ+µ$¿ Å�ÆJÅ�½/À=»�¹.´�µ�Ã�½Q¿$´�²MÆJÆJÅ�¾�¼�²M´�´@Ã�È.µ�¹+À.´�²/³Vµ ´�µ$Â�Â.²1Ã!²&ý±5È+µ�Ä+ÆJµ$¹�Â&½/üw¿$½	Â&µ�¾�½/»�Ã�È+Å�Æ�²/´�Ç/½/»�ÅYÃ�È.ºaÅ�Æ�Ç6Å�ÿkµ$À�Å�À�ø]Å�Ç6¹&»�µzù/ý�úÃ�½�¼�µ$�+²/º:Ä+´�µ5½/¾VÈ+½ � Ã�È.µ°ÃJ»�µ$µ>Å�Æ]»�µ$¹+ÆJµ�Â�¾�½/»Nµ�²/¿!È�³+Å�½6´�½6Ç/Å�¿$²/´�Ä&»�½/ü¿ µ$ÆJÆ°Å�ÆNÇ6Å�ÿkµ$À:Å�À(ø]Å�Ç6¹&»�µ+*;ý-,�¹+»Nº:µ Ã�È+½	Â�Å�ÆIÿkµ�»J¼�¾[²/ÆoÃ��;Ã�È.µ � È+½6´�µÄ&»�½;¿$µ$ÆJÆ�¾�»�½/º8³.¹+Å�´�Â&Å�À.Ç�Ã�È+µ�ÃJ»�µ$µ�Ã�½�»�µ$ÄV½M»JÃ�Å�À+Ç=Ä&»�µ�Â+Å�¿ Ã�µ�Â ÄV½6ÆJÅYüÃ�Å�ÿkµ Æ�Å�À�²/´�´i³.Å�½6´�½/Ç6Å�¿�²/´NÄ+»�½;¿ µ$ÆJÆJµ$Æ�Ã�½;½���²Q¾[µ � ÆJµ ¿$½6À.Â+Æ�¾�½/»�µ�²M¿�ÈÂ+²MÃ!²MÆJµ Ã�½/À ²zû]µ À	Ã�Å�¹+º þ/.0*(132546ýC±5È.Å�ÆCÆJÈ.½/¹.´�Â�³Vµ�¿ ½6À;ÃJ»!²/ÆoÃ�µ�Â
� ÅYÃ�È(Ã�È.µC´�½6Ç6Å�ÆoÃ�Å�¿�»�µ$ÇM»�µ$ÆJÆJÅ�½6À=º:µ�Ã�È.½	Â+½/´�½6Ç/¼ � È+Å�¿�È:»�µ��;¹.ÅY»�µ�Â(²MÄ+üÄ&»�½��+Å�º(²1Ã�µ$´Y¼=²�È�²/´Y¾iÈ+½6¹&»C¾�½/»Cµ�²M¿�È�Â+²MÃ!²MÆJµ Ã�ý

1 10 0 0 0 0 01 ?0

1 11 0 0 0 0 0 0 0?ø]Å�Ç6¹&»�µ6*;·>±P½�¼�È.Å�µ »!²1»�¿�È+Å�¿$²/´PÃJ»�µ$µ�»�µ ¹.ÆJµ�Â � ÅYÃ�È�´�²/³Vµ ´�ÆC¾�»�½/º Ã � ½³.Å�½/´�½/Ç6Å�¿�²M´]Ä+»�½;¿$µ ÆJÆJµ$Æ

4.2 Resultsûi»�µ�Â+Å�¿ Ã�µ�ÂgÄV½6ÆJÅYÃ�Å�ÿkµ$Æ � µ »�µ�»�µ$ÄV½/»JÃ�µ�Â�¾[½/»�²M´�´?¾[½/¹+»�Â.²1Ã!²/ÆJµ Ã�Æ�²MÀ�Â²/ÆJÆJµ º�³.´�µ�ÂFÅ�À�Ã!²M³�Â&µ$´�Å�º:ÅYÃ�µ�Â�Á�´�µ$Æ$ýiúäÄ&»�µ�Â+Å�¿ Ã�Å�½6À�È�²MÆ]¾[½/¹+»iÁ�µ ´�Â&Æ$·²718, ³.Å�½6´�½/Ç6Å�¿�²/´:Ä&»�½;¿$µ$ÆJÆ���Ã�È.µêÇ6µ À.µ�Æo¼&ÆoÃ�µ$º(²MÃ�Å�¿êÀ�²Mº:µ(�FÃ�È.µÂ+Å9#�µ »�µ À.¿$µz³Vµ Ã � µ$µ$ÀKÃ�È+µzÆJ¿ ½/»�µz½/¾CÃ�È.µ(¹.À+´�²M³Vµ$´�µ�ÂK´�µ�²M¾�²/À.Â{Ã�È.µÃ�È+»�µ ÆJÈ.½6´�Â�¹+ÆJµ�Â��M²MÀ�Â�Ã�È.µ?Ä&»�µ$¿$Å�ÆJÅ�½6ÀF¿$½/»J»�µ ÆJÄV½6À�Â&Å�À.Ç>Ã�½5Ã�È�²1ÃOÃ�È&»�µ$ÆJÈ+ü½6´�Â�ýN±5È.µ�Ä&»�µ$¿$Å�ÆJÅ�½6À�²/À�Â:Ã�È.µ�Â+Å9#�µ »�µ$À+¿$µ�³Vµ�Ã � µ µ$À:Ã�È.µ�ÆJ¿ ½/»�µ�²MÀ�ÂÃ�È.µ�Ã�È+»�µ$ÆJÈ+½6´�Âg»�µ$Ä&»�µ$ÆJµ$À;Ã�Ã�È.µQ¿ ½6À+Á�Â+µ$À+¿$µ � µ:È�²�ÿkµQÅ�ÀgÃ�È+µQÄ+»�µ�üÂ+Å�¿ Ã�Å�½/ÀOýN¸	¹.º:º(²M»�Å�µ$ÆO½/¾�Ã�È+µ$ÆJµ5Ä&»�µ�Â+Å�¿ Ã�Å�½6À+Æ � µ$�&¿$µ$Ä&Ã]¾[½M»NÃ�È+µ5º:½/»JüÄ.È+½6´�½6ÇM¼ Â.²1Ã!²/ÆJµ Ã:��²M»�µ�ÆJÈ.½ � À Å�À ±]²/³+´�µ<;Mü/=	ý>�Kµ�Â+Å�Â�À.½MÃ�ÆJÈ+½ �Ã�È.µ:ÆJ¹+º:º(²M»�Å�µ$Æ�¾�½/»�Ã�È.µ:º:½/»�Ä+È.½/´�½/Ç/¼{Â.²1Ã!²/ÆJµ Ã��]Ã�È+µ:À	¹.º�³Vµ�»�½/¾¿$½/À+ÁVÂ&µ$À;Ã5Ä&»�µ�Â+Å�¿ Ã�Å�½6À+Æ5º(²6Â&µ � µ »�µ�²MÄ.Ä+»�½��&Å�º(²MÃ�µ$´Y¼QÃ�È+µ Æ�²Mº:µ�²MÆÅ�À�±]²M³.´�µ$Æ5��²/À.Â?=&ý
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glycerophospholipid biosynthesis [GO:0046474]

30 known genes in GO−BP
5 positives in samples 
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ribosome biogenesis [GO:0007046]

151 known genes in GO−BP
24 positives in samples 
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M−phase specific microtubule process [GO:0000072]

62 known genes in GO−BP
8 positives in samples
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190 known genes in GO−BP
11 positives in samples 
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ABSTRACT
Machine learning approaches are frequently used to solve
name entity (NE) recognition (NER). In this paper we pro-
pose a hybrid method that uses maximum entropy (ME) as
the underlying machine learning method incorporated with
dictionary-based and rule-based methods for post-processing.
Simply using ME for NER, inaccurate boundary detection
of NEs and misclassification 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 recognized NEs and to adjust classifi-
cation. We use GENIA corpus 3.01 to conduct 10-fold cross-
verification 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 defined 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-
processing the 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 significantly 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 language text, we must first recognize biomed-
ical named entities in the text. In fact, named entity (NE)
recognition (NER) is a fundamental research topic in natural
language processing (NLP), which involves entity identifica-
tion and classification.

Unlike 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, difficulties of NER in the biomedical domain are as
follows:

(1) Unknown word identification:
Unknown words can be acronyms, abbreviations, or
words containing hyphens, digits, letters, and Greek

letters. Examples of NEs with unknown words in-
clude: alpha B1, GM-CSF, Adenyly cyclase 76E, and
4’-mycarosyl isovaleryl-CoA transferase.

(2) Named entity boundary identification:
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 consensus site, cyclin-like UDG gene product
all have different types of boundaries. Additionally,
nested NEs (an NE embedded in another NE, referred
to as cascaded NEs by Shen et al. [9]) further compli-
cate this problem. Consider the named entity kappa 3
binding factor. Its annotation <PROTEIN> <DNA>
kappa 3 </DNA> binding factor </PROTEIN> has
two right boundaries at 3 and factor, which correspond
to the embedded NE in the DNA category and the
nested NE of the Protein category, respectively.

(3) Named entity classification:
Once an NE is identified, it is then classified into a
category such as protein, DNA, RNA, and so on. Am-
biguity and inconsistency are often encountered at this
stage. NEs with the same orthographical features may
fall into different categories. For example, BRIX and
SCOP both have the AllCaps feature, but the former is
a gene and 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 gene TP53 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 gene coding for this protein. We need to
properly distinguish A27L from A27L protein.

To tackle these challenges, researchers use NLP techniques
such as machine learning, dictionary-based methods and
rule-based methods. Tsuruoka et al. [11] and Hanisch et al.
[3] present dictionary-based approaches. Since new biomed-
ical NEs keep being generated in literature, the machine
learning approach prevails. After the release of 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 different meth-
ods. The overall F-scores on 23 categories in GENIA corpus
reported by these systems were at most 0.67.
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Figure 1: Method overview

The performance of machine learning approaches has big
room for improvement. This fact can be attributed to small
size of training corpora. Though GENIA corpus is the largest
corpus for NER, it is rather small in comparison with the
size of biomedical NEs. Various strategies are proposed to
enhance the 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 categories of GENIA corpus. Our post-processing of ME
output aims to resolve boundary detection problems and
correct misclassification problems. Dictionary-based and
rule-based methods are used, which significantly improves
the performance.

2. ME-BASED BIOMEDICAL NER FRAME-
WORK

Our recognition method consists of two stages: (1) ME-
based recognition, (2) post-processing including boundary
extension and reclassification. We first use ME for NER.
Then we use a dictionary and rules to correct boundary
identification errors by boundary extension. After bound-
ary error correction is performed, the results are reclassified.
Our method is depicted in Figure 1.

2.1 Maximum Entropy
We regard each word as a token. Since a named entity can
have more than one token, each token is associated with a
tag that indicates the category of the NE and the location

of the token within the NE, for example, x begin, x continue,
x end, x unique where x is a category. The first three tags
denote respectively the beginning, the middle and the end
of an NE in category x. The fourth tag denotes that a to-
ken itself is an NE of category x. In addition, we use the
tag unknown to indicate that a token is not part of an NE.
The NER problem can then be rephrased as the problem of
assigning one of 4n + 1 tags to each token, where n is the
number of NE categories. In our ME module, there are 23
named entity categories and 93 tags. For example, one way
to tag the phrase IL-2 gene expression, 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 flexible statistical model which assigns an outcome
for each token based on its history and features. Outcome
space is comprised of the 93 tags for an ME formulation of
NER. ME computes the probability p(o|h) for any o from
the space of all possible outcomes O, and for every h from
the space of all possible histories H. A history is all the
conditioning data that enables one to assign probabilities to
the space of outcomes. In NER, history can be viewed as
all information derivable from the training corpus relative
to the current token.
The computation of p(o|h) in ME depends on 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 represent this
feature as follows:

f(h, o) =







1 if Current-Token-AllCaps(h) = true
and o = protein begin;

0 otherwise.
(1)

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 fi has a weight αi. From [1],
we can compute the conditional probability as:

p(o|h) =
1

Z(h)

∏

i

α
fi(h,o)
i (2)

The probability is given by multiplying the weights of ac-
tive features (i.e., those fi(h, o) = 1). The weight αi is
estimated by a procedure called Generalized Iterative Scal-
ing. This method improves estimation of weights at each
iteration. The ME estimation technique guarantees that,
for every feature fi, the expected value of αi equals the em-
pirical expectation of αi in the training corpus.

As noted in Borthwick [2], ME allows users to focus on find-
ing features that characterizes the problem while leaving
feature weight assignment to the ME estimation routine.

2.2 Decoding
After having trained an ME model and assigned the proper
weights αi to each feature fi, decoding (i.e., marking up)
a new piece of text becomes simple. First, the ME module
tokenizes the text. Then, for each token, we check which
features are active and combine αi of the active features
according to Equation 2. Finally, a Viterbi search 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, 1.1 Greek Letter alpha, beta
Hyphen - LowMixAlpha mRNA, mAb
Roman Numeral I, II, III SingleCap A-Z
Stop word at, in Other “,”, “.”, “(”, “)”

Table 2: Head nouns
Head nouns

Unigram factor, protein, receptor, alpha,
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,
antibody, TCR, CIITA, chain, tu-
mor, gamma, factor-alpha, expres-
sion, interleukin, IkappaBalpha

Bigram NF-kappa B, transcription factor,
I 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-
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 find the highest probability path through the lattice of
conditional probabilities that does not produce any invalid
tag sequences. For instance, the sequence [protein begin,
othername continue] is invalid because it does not contain
an ending token and these two tokens are not in the same
category. Further details on the Viterbi search can be found
in [12].

2.3 Related Studies of NER Using ME
Raychaudhuri et al. [8] uses ME to assign Gene Ontology
tags to genes appearing in biomedical literature. They re-
port that ME outperforms the Naive Bayes method and the
nearest-neighbor method. ME is also used for acronym and
abbreviation normalization in medical texts. Pakhomov [7]

and Kazama et al. [4] report that SVM outperforms ME
for biological NER. In Kazama et al. [4], the comparison is
made using GENIA corpus version 1.0. The precision, re-
call and F-score ([P, R, F]) of the SVM-based system was
[0.562, 0.528, 0.544] for overall categories and [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 also state
that one advantage of the ME model is that it allows flexible
feature selection. When new features, e.g., syntax features
are added to ME, users do not need to reformulate the model
like in the HMM model and ME estimation routine can auto-
matically calculate new weight assignment. Thus we choose
ME as the underlying machine learning model.

3. FEATURES
Feature selection is critical to the success of machine learning
approaches. Orthographical features, head noun features,
morphological features, and part-of-speech (POS) features
are frequently used for token identification. 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 used in our sys-
tem. In our experience, AllCaps, CapMixAlpha, LowMix-
Alpha, SingleCap are more useful than others.

3.2 Head Nnouns
The head noun is usually the major noun or noun phrase
of an NE that describes its 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 classifications of <Protein> NF-kappa B
transcription factor </Protein> and <DNA> IFN-gamma
activation sequence </DNA> are determined by the head
nouns transcription factor and sequence. In this work, only
unigram and bigram head nouns are considered. We use
training corpus to obtain 960 frequently used head nouns,
and some are listed in Table 2.

3.3 Morphological Features
We consider morphological features of at least three charac-
ters in length. Some are listed in Table 3.

4. POST-PROCESSING AND RECLASSIFI-
CATION FOR ERROR CORRECTION

BIOKDD04: 4th Workshop on Data Mining in Bioinformatics (with SIGKDD Conference) page 58



Using ME, we find some NEs are partially recognized or
mistakenly classified. In the post-processing stage, we aim to
resolve boundary detection problems of partially recognized
NEs by a boundary extension method. Afterwards, we use
a re-classifier to resolve NE misclassification. 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 recognized NEs, we deal with two types of
boundary detection problems that arise from (1) nested NEs
and (2) brackets for name alias and slash for concatenated
names.

Nested NEs may cause boundary detection problems. Con-
sider the example “[E1A]/protein gene” → “[E1A gene]/DNA.”
A straightforward right(R)-boundary extension rule is to ex-
tend the boundary if the NE is followed by NEs and/or
head nouns. In the example “[GATA-1]/protein activity” →
“[GATA-1 activity]/othername,” 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: “type [I receptor]/protein” → “[type I receptor]/protein.”
Should the left boundary extend to the word type? For the
left(L)-boundary extension, we consider extension to include
a modifier. What modifiers are allowed?
To resolve the abovementioned 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 each context word candidate and
determine a cutoff threshold to include candidates into the
lists. The threshold is expected to affect the content of the
lists and thus, the performance of post-processing. However,
in our experiments, we have tried different threshold values
and found that the threshold does not significantly affect
the performance. We thus include all the candidates in the
lists. Note that these context 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 thus the right boundary can be extended to activity.
We use context word lists to examine un-tagged tokens that
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 as a verb, it is unlikely to be a part of an NE. Only
few tokens tagged as a verb are included in NEs of GENIA
corpus. We thus consider only adjective and noun as valid
POS tags for the token in consideration. To further improve
boundary extension accuracy, we examine the validity of the
POS tag of the token. If this token appears in 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 recognized by 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-
cedure as in Step 1.

Step 3. Repeat Step 1 and 2 until no extension occurs.

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

The second type 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 recognizes both 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 entity.

After performing boundary extension for nested NEs, we use
rule-based approach to extend boundary of the second type
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 generated by ME, we found that some
human names were identified as NEs. A special module
developed by our laboratory was introduced to filter these
errors. This module is originally designed to extract authors,
paper titles and journal names from citations.

4.2 Re-classifier
In boundary extension stage, we do not change the classi-
fication. Our re-classifier aims to resolve two types of clas-
sification errors. The first type is associated with bound-
ary extension, for example, “[GATA-1]/protein activity” →
“[GATA-1 activity]/othername.” The other type is intrinsic
ambiguity caused by abbreviations. Orthographical features
of AllCaps and CapsAndDigits are sometimes insufficient to
distinguish between abbreviations of protein and DNA. For
example, CD28 is a protein, and PS1 a DNA.

The re-classifier performs two steps. The first 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 second step to adjust the
classification according to R context word. We assign the
class according to the context word.

5. EXPERIMENTS

5.1 GENIA Corpus
We use GENIA corpus version 3.01 to 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-speech tags. The annotation of
the NEs is based on GENIA ontology. In our experiments,
we use 23 distinct NE categories of GENIA corpus.

5.2 Experimental Results
We conduct 10-fold cross validation 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 defined as 2PR/(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
Config Boundary Extension Reclassify NE Recognition

BE-1 BE-2 BE-3 RC-1 RC-2 P/R/F
Baseline 0.512/0.538/0.525
Conf4

√ √ √
0.645/0.634/0.639

Conf5
√ √ √ √

0.67/0.658/0.664
Conf6

√ √ √ √
0.707/0.695/0.701

Conf7
√ √ √ √ √

0.727/0.715/0.721

Table 7: Partial matching performance
Task NE Identification NE Recognition
Measurement 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 identification performance
Config Boundary Extension NE Identification

BE-1 BE-2 BE-3 P/R/F
Baseline 0.56/0.589/0.574
Conf1

√
0.582/0.597/0.594

Conf2
√

0.591/0.6/0.595
Conf3

√
0.757/0.746/0.751

Conf4
√ √ √

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 entity identification (re-
gardless of classification) 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 figures, we can see that each method yields different de-
gree of improvement in NE identification (boundary detec-
tion) performance. BE-1, which improves the NE identifi-
cation performance by 0.177, is the most effective boundary
extension method among the three methods.
In Table 5, we report the named entity recognition (includ-
ing classification) performance. We use RC-1 to denote the
re-classifier using dictionary lookup and RC-2 to denote the
re-classifier 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 see that our
system has advantage over Zhou’s system in each main NE
category and in overall performance. In Table 7, we report
the partial matching results. We use LD = i (RD = i) to

mean that the recognized NE differs from the annotation by
only i words at the left (right) boundary. ER and CR denote
the length of the recognized NE (the experiment result) and
the length of the annotation (the correct result).

6. CONCLUDING REMARKS
In this paper, we propose a hybrid method using maximum
entropy and dictionary/rule-based methods. Currently, dic-
tionary is only used in the post-processing stage. In the fu-
ture, we shall improve our system by also using dictionary in
the preprocessing stage. However, we need to overcome the
difficulty arising from integration of dictionary preprocess-
ing with ME. In the post-processing stage, we shall explore
more extensively on determining rules for boundary exten-
sion and entity concatenation. In addition, we shall try to
automatically generate good rules to enhance our system.
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GHO�Q���]�DFI�OJi�l�°�b§X�LJL
`jWF`jI�b6pC�{E}S�I)O�b�L±WFBJX*WxWFB�E}k�l m nZ²iJX*WHWFE�DFb
�
GHE�WFG9])E'b�E�DYX�KjK��7I3c'c'O�D^`ab7[�E�DH�/S�E��³i
DFI�WFE'`jbJG'lRh>b�ERi�I�GHGH`jQJKjExE��#�
i�KaX�b�X�WF`jI)b¯S�I�D>WFBJ`jG>Q�E'BJX�[
`jI*D^Px`j])B3W-Q�E�WFBJX*W\WFBJE�k�l m nZ³c'I)b3WYX*c�W
P.X*iJG1X*DFE;WFI3I�GHi�X�DFGHE\WFI9c�X*i�WFO
DFE\PxI�G@W{G@WHDFO�c�WFO�DYX*KJ`jb�S¡I�DFP.X�WF`aI�b6p
�<B�`jKaExWFB�E�v#l m nZ´P.X*iJG�X*DFE.GHIµL
E'bJGHExWFB�X�W�WFBJE��7`jb3WHDFI#L�OJc�E+WFI3I
PROJcYB£b�I)`jGHEx�<BJ`jc�B¶�CI)O�KaL£c'I)b
S�O�GHE.WFB�ExG@WHDFOJc�WFO
DYX�K1L�`jG@WF`jbJc�WF`jI�b
S¡I�D-I�WFB�E�D<W��
i�E'G;I�S�i�DFI�WFE�`ab�G<GHOJcYB}X�GR�)�����a�{p��!�¤�¦pJE�WFc)l
ACB�ECi�X�WHWFE�DFb���GHE�WFG6S¡DFI)P·WFBJECr#l w\nZ�L�X*WYX*GHE�WUB�X�[�E1X\DFE'KaX�WF`a[)E'K��RQJX�K��
X*bJc'E'L!L
`aG@WHDF`jQ�O�WF`jI)b.`jbxWFE�DFPxG{I*S6WFB�E-b#OJPRQ�E�D¦I�S6i�DFI*WFE'`jb�]*DFI)O�iJG
WFB�E��¶X*DFE�X�Q�KjE+WFIµL�`jG@WF`jbJ]�OJ`jGHB6l/gJI�D�`jbJG@WYX*bJc'E�p�WFBJE+iJX*WHWFE�DFb£GHE�W
~ m.m/q�w�o�m�o*r���p��CX�G>S¡I)O�b�L}`jb7o�txi�DFI*WFE'`jbJG\�<`jWFB}WFB�E9S�I)KjKjI��<`jbJ]
��z;h^d �;� L�`jG@WHDF`jQJO
WF`aI�b6y1o3q.�)�����a�{p�qx�)�����j�¤X*b�L/o��U¸��1l ~ dUKaE'X�GHE
GHE�Exg�`j])O�DFETt ~ Q��<S�I*D�X�[#`jGHO�X*Kj`a¹'X*WF`jI)b¶I�S¦WFBJE+X*Q�I�[�ERiJX*WHWFE�DFb
��GHE�W
`jb�WFBJEx�)�¡���M��i
DFI�WFE'`jb7q�X�o�S ~ °�_�S¡DFI)P´WFB�E9dU_9º;�H��l�h>b�WFB�E^I�WFB�E�D
BJX�bJL�p)WFB�ECi�X�WHWFE�DFbTGHE�W ~ t-t9v�q'u���`jG¦]�I3I#LxX*W1L�`jG@WF`jbJ]�OJ`jGHBJ`jb�]x�)�����
�!i�DFI*WFE'`jbJG'l�Z-PxI)b�]\WFB�E{k)s\i
DFI�WFE'`jbJG��<B�E�DFE{WFB�`aGVGHE�WUI3c'c'O
DFG'p�WFB�E
S¡I)KjKjI��<`ab�]��Jz;h^d � � L�`jG@WHDF`jQJO�WF`jI�b��CX�GCS�I�OJbJL.WFIRE��
`aG@W�y;qT�)�����a�{p
t�s¯�)�����j�1p�oT�U¸��¦p�mT�/�®�¦pVq�PxE'PRQ�DYX*bJE^X*b�L/c�E'KjK�GHO�DHS�X�c'E)p�X�b�L
q>L�E�GH`a]�bJE�L�l ~ d¦KjE�X*GHE^GHE'E>g�`a]�O�DFE9t ~ X��¦S¡I�D<X*b!`jKjKjOJG@WHDYX�WF`aI�b/I*S6WFB�E
X*Q�I�[�E<i�X*WHWFE�DFb���GHE�W¦`jb+WFBJE��)�����j�}i
DFI�WFE'`jb}q'X�o)m ~ °&_§S¡DFI)P»dU_9º;�H��l
h>b�ERi
DFI)i�E�DHW&�}`jKjKjOJG@WHDYX*WFE'L¯Q3�!WFBJE�i�X*WHWFE�DFb���GHE�WFG<S¡DFI)P¼WFBJE�r
l w<nZ
L�X*WYX*GHE�W9WFB�X�W�L�I3E'G9b�I�W9E��
`jG@W�`jb7WFB�ERWFB�E+k�l m nZ LJX�WYX�GHE�W�`jG^WFB�X�W

WFBJE�DFE+E��
`jG@WFGRX�c'I)KjKjE'c�WF`jI�b¤I�S;P.X���`jP.X*K(i�X*WHWFE�DFb���GHE�WFG^WFB�X�W�B�X�[�E
KjI��½E'b3WHDFI�i#� ~ «´q�� m)��X*W�WFBJE���z;h^d·KjE'[�E'K �;�.~ GHI)PxE.X*DFExE�[�E'b
c'KjI)GHE7WFI®w��.X�bJL�WFB�X*W�WFBJE�DFE7E���`jG@WFG/X®c�I)KjKjE'c�WF`jI)b�I�S�P.X*�
`jP.X�K
i�X�WHWFE�DFb���GHE�WFG�WFB�X�WVBJX�[�E(KjI���E'b3WHDFI)i3�^X*c�DFI)GHG�WFBJE(¾JDFG@W�S�I�O�D(�Jz;h^d
KjE'[�E'KjG ~ GHE'E+A�X�Q�KaE�o���l+Z\b¶E��JX*PxiJKjETiJX*WHWFE�DFb
��GHE�W^WFB�X�W�i�DFE'GHE�b#WFG
Q�I�WFB¯I*S1WFB�E'GHETi
DFI)i�E�DHWF`jE'G^`jG ~ q'w/m}q�w!o�u)��l�ACBJE�DFE+X*DFE+o�t.i�DFI*�
WFE'`jbJG1WFB�X*WCc'I)b3WYX�`jb.WFBJ`jGCiJX*WHWFE�DFb
�&GHE�W�pJX*b�L+WFBJE�`jD;L�`jG@WHDF`jQJO�WF`jI�b/X�W
E�X*c�B}I*S�WFBJE^¾�DFG@W;S�I�O�D>�Jz;h^d¿KaE�[�E'KjG<`aG<GHB�I��<b/`ab}A�X�Q�KaE�t#l

4.4 Performance°�b£g�`j])O�DFE}q�pV�{Ex])`j[�E.X�b£I*[)E�DF[#`aE��³I�S<I)O
D�Px`jbJ`jbJ]/X�Kj])I*DF`jWFB�P}l
°�b�WFBJ`jG<GHE'c�WF`jI)b�pJ�{E�i
DFI�[
`aL
E9XTBJ`j]�B���KjE'[�E'K6X�bJX�K��
GH`aG\I�S(WFB�E�X�Kj])I*�
DF`�WFBJPx`jc-DFO�bJb�`ab�]�WF`jPxE^I*S�E�X*c�B!G@WFE'i/`jb�WFB�X*W;X�Kj])I*DF`jWFB�P}l1d¦KjE�X*GHE
bJI*WFE}WFB�X�Wx�CEµi�DFI�[#`aL�E/WFB�`jG!X*b�X*Kj�
GH`jG.�<`jWFB�I)O
W!i
DFI3I�S&l¢º1E�S�I*DFE
i�DFI3c�E'E�L�`jb�]�p#BJI��{E'[�E�D�p��{E\L�E�¾JbJE<GHE'[�E�DYX*K�[�X*DF`aX�Q�KaE�G¦WFBJX*W¦�<`aKjK�Q�E
OJGHE'L.WFIRBJE'Kji!f#OJX�b3WF`�S¡�xWFB�E-DFOJb�bJ`jbJ]�WF`jPxE>I*S�E�X*c�B!G@WFE'i6l¦��E�W\À
Q�E9WFBJE9b#OJPRQ�E�D;I*S1i
DFI�WFE'`jb}PxI�KjE'c'OJKjE'G\`jb¯X+])`j[�E'b}LJX*WYX*GHE�W�p�X*b�L
Á9Â!Q�ERWFBJETb#O�PTQ�E�D-I�SCX�Px`jbJI!X�c'`aL¯DFE'GH`aL�OJE�G^c'I)b3WYX*`ab�E�L¶`jb¯WFBJE
KaX*DF]�E'G@W>i
DFI�WFE'`jb}PxI�KjE'c'OJKjE)l1Á�Ã+`jG>L
E�¾�b�E�L�WFI+Q�E-WFBJE9P.X*�
`jPTO�P
b#OJPRQ�E�D(I�S�I3c�c'O�DHDFE'b�c'E'G¦I�S�X>S¡E�X*WFO
DFE\`jbxX^c�I)b3WYX�c�W¦P.X*i6p3Á�Ä9WFBJE
WFI�WYX*K�b#OJPRQ�E�D<I�S¦OJb�`af#O�E^S�E�X�WFO�DFE'G-`jb/WFBJE�LJX�WYX�GHE�W�p�X�b�LµÁ9Å�WFBJE
WFI�WYX*K�b#OJPRQ�E�D\I�S¦I3c'c'O
DHDFE'bJc'E�G>I�S1X*KaK�WFB�E9S�E�X�WFO�DFE'G-`ab¯X.L�X*WYX�GHE�W
I�S1ÀÆc'I�b#WYX*c�W\P.X�i�G'l

Ç ACBJE9])E�bJE�DYX�WF`aI�b}I�SUc�I)b3WYX�c�W\P.X*iJG;I3c'c'O
DFG<`ab/I�DYL�E�D
È ~ À�Á9Â � �{WF`jPxE)l

Ç ACBJE¤WF`jPxE£DFE�f3OJ`�DFE�L¢WFI§`aL
E'b3WF`jSM�¨X*KaK�WFBJE�S¡E�X*WFO
DFE'G£`jb¨X
LJX*WYX*GHE�WR`aG È ~ À�Á Â � �¦� È ~ Á Ä ��l7h-SCWFB�`aG'p È ~ À�Á Â � �^`jG
WFBJExWF`jPxE+DFE�f3OJ`�DFE�L�Q3�¶WFB�E+DFE'])`jI�b¿]*DFI��;WFB±X*Kj])I�DF`�WFB�PÉWFI
E��#WHDYX�c�W/X�KjK^WFBJE¯P.X���`jP.X*KaK��#��c'I)b�bJE'c�WFE�L±iJX*WHWFE�DFb�G/`jb§WFBJE

º1°Hh>Ê9_^_9w*k�yUk*WFB/Ë�I*DF�
GHB�I)i!I)b}_9X�WYXx|/`jbJ`jbJ]T`ab}º{`jI)`jb�S¡I�DFP.X*WF`jc'G ~ �<`�WFB¯�
°@Ì>Ê9_^_¨z{I�b�S¡E�DFE'bJc�E�� i�X*])E�r�u
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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 definition of an
interaction network. The concept of differential association
rule mining is introduced to study the annotations of pro-
teins in the context of one or more interaction networks.
Differences among items across edges of a network are ex-
plicitly targeted. As a second step we identify differences
between networks that are separately defined on the same
set of nodes. The technique of differential association rule
mining is applied to the comparison of protein annotations
within an interaction network and between different interac-
tion networks. In both cases we were able to find rules that
explain known properties of protein interaction networks as
well as rules that show promise for advanced study.

General Terms

association rule mining, protein interactions, relational data
mining, graph-based data 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 different 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 also a want to contrast different network
definitions to understand which experimental technique to
use for which purpose.

Several definitions of protein-protein interactions have been
introduced. For our study we concentrate on three: Physical
interactions are determined through experiments such as the
yeast-two-hybrid method [16; 30] and indicate a level of bio-
chemical interaction. Genetic interactions are derived from
in-vivo experiments in which the lethality associated with
mutation of two genes is tested [26]. Domain-fusion inter-

∗Authors’ email: @ndsu.nodak.edu

actions are detected in silico by comparing different species
[19; 28]. Two genes in one species are labeled as interacting
if they have homologs in another species and those homologs
are exons of the same gene. Previous approaches to network
comparison have studied each network in isolation and have
compared statistics between networks [25; 27]. We use dif-
ferential association rule mining techniques to identify rules
that directly contrast the differences in annotations across
interactions, and between different types of interactions.

Can differences be identified 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 associates ”transcription”
and ”nucleus” within a single protein, and others that rep-
resent 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 difference between interacting pro-
teins. The same type of rule could, however, indeed stand
for a difference. Consider the rule that proteins in the ”nu-
cleus” are found to interact with proteins in the ”mitochon-
dria”. It can be expected that a single protein would not
simultaneously be located in the ”nucleus” and in the ”mito-
chondria”. We can therefore assume that the rule highlights
a difference between interacting proteins and may identify
an instance of compartmental crosstalk. This rule is signifi-
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 between the 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 difference criterion in-
volving correlations between neighboring nodes and/or rules
found within individual nodes. Such an approach would not
benefit from any of the pruning that has made ARM an
efficient and popular technique. Our algorithm takes an ap-
proach that makes significant use of pruning: Only those
items are considered for the ARM algorithm for which each
item in a set is unique to only one of the interacting nodes.
The rule associating ”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 themselves involved in ”tran-
scription”.
There are other reasons why a focus on differences is more
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Node
ORF Annotations
YPR184W {< cytoplasm >}
YER146W {< cytoplasm >}
YNL287W {< SensitivityTOaaaod >}
YBL026W {< transcription >, < nucleus >}
YMR207C {< nucleus >}

Edge
ORF0 ORF1
YPR184W YER146W
YNL287W YBL026W
YBL026W YMR207C

Figure 1: Initial Tables

effective for association rule mining in networks than a stan-
dard application of ARM on joined relations. Traditionally
association 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 observations either directly
or indirectly. This problem has been observed when rela-
tional association 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 presence of such correlations, association rules are
likely to reflect nothing but similarities between interacting
proteins.
We use the concept of including only items that are unique to
one of a set of interacting nodes to further address the task
of comparing different interaction networks. In principle
networks can be compared by studying each individually
and comparing the results. When applying association rule
mining to annotations in protein interaction networks, such
an approach faces two difficulties. First, not all biological
experiments have been done on all proteins. It is, therefore,
safest to base a comparison of two networks only on proteins
that show both types of interaction. Second, association
rule mining gains its computational efficiency from item set
pruning. Any test that is done at a later time removes rules
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 used to extract differences between networks.

2. DIFFERENTIAL ASSOCIATION RULES
We assume a relational framework to discuss differences
within and between networks. The concept of a network
may suggest use of graph-based techniques. Graph-theory
typically assumes that nodes and edges have at most one
label. Relational algebra on the other hand has the tools for
the manipulation of data associated with nodes and edges.
A relational representation of a graph with one type of nodes
requires one relation for data associated with nodes, which
we will call node relation, and a second relation that de-
scribes the reflexive relationship between nodes, the edge
relation. To compare networks we will use multiple edge
relations. Association rule mining is commonly defined 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-

lating first 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 RN (T, D) where T

is a tuple identifier and D is a set of descriptors. Tuples in
RN have the form < ti, Di > where Di is a relation of de-
scriptors < dj > (see figure 1 table Node for representation).
Descriptors are tuples with just one attribute of domain D.
We call the < dj > descriptors to distinguish them from
items. Items have a second attribute to identify their node
of origin, see definition (3). We will call the sets of items
that form the basis for association rule mining basis set.

Definition 1. A single-node basis set is identical to a set
of descriptors Di ⊆ D. This definition is equivalent to the
basic definition of an item set used in association 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(Tl, Tr), with Tl as well as Tr being foreign
keys that refer to identifiers in one or more node relations
(see figure 1 table Edge for representation). Edge relations

can, in principle, have the alternate form RE(Tl, Tr, 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 edge relation as in [7].

Joined-relation basis sets are 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 different attributes is maintained. At-
tributes are identified by consecutive integers to which we
will refer as origin identifiers g ∈ G = {0, ..., (n − 1)} 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.

Definition 2. A joined-relation basis set is derived through
the following steps. A 2-node joined-relation is created by

R2N ← ρ0.T,0.D(RN (T, D)) ∗ ρ0.T,1.T (RE(Tl, Tr))

∗ρ1.T,1.D(RN (T, D)). (1)

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

TID Join
1 {< 0, cytoplasm >} {< 1, cytoplasm >}
2 {< 0, SensitivityTOaaaod >} {< 1, transcription >, < 1, nucleus >}
3 {< 0, transcription >, < 0, nucleus >} {< 1, nucleus >}

TID Unique
1 NULL NULL
2 {< 0, SensitivityTOaaaod >} {< 1, transcription >, < 1, nucleus >}
3 {< 0, transcription >} NULL

Figure 3: Join and Unique

a 4-node joined-relation we can have

R4Nl ← ρ0.T,0.D(RN (T, D)) ∗ ρ0.T,1.T (RE(Tl, Tr))

∗ρ1.T,1.D(RN (T, D)) ∗ ρ1.T,2.T (RE(Tl, Tr))

∗ρ2.T,2.D(RN (T, D)) ∗ ρ2.T,3.T (RE(Tl, Tr))

∗ρ3.T,3.D(RN (T, D)) (2)

R4Ng ← ρ0.T,0.D(RN (T, D)) ∗ ρ0.T,1.T (RE(Tl, Tr))

∗ρ1.T,1.D(RN (T, D)) ∗ ρ1.T,2.T (RE(Tl, Tr))

∗ρ2.T,2.D(RN (T, D)) ∗ ρ1.T,3.T (RE(Tl, Tr))

∗ρ3.T,3.D(RN (T, D)). (3)

Notice that in equation (2) the joining corresponds to 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 see the alternatives at the 4-node join. At-
tribute renaming ρA0...An

is used as defined in [11]. We then
apply a Cartesian product of a relation consisting of a sin-
gle tuple containing the origin identifier < g > with each
descriptor set individually. It converts the descriptors dj

into tuples < g, dj >. g is the same origin identifier that is
used as prefix in the attribute name

g.Ii = < g > ×{< d0 >, ..., < dk >}

= {< g, d0 >, ..., < g, dk >}. (4)

Definition 3. An item is defined as a tuple < g,dj >
where g is an integer which is the origin identifier and dj

is the descriptor value of an attribute.

Note that we will use an abbreviated notation for items in
the results section (g.dj instead of < g, dj >). A joined-
relation basis set Bi is derived as the union of descriptor

sets for each tuple identified by ti of the joined relation. For
a 2-node joined-relation basis set or 2-node basis set we have

∀ti Bi = 0.Ii ∪ 1.Ii. (5)

The set of all basis sets is C = {B0, ..., Bm} where m is the
number of tuples in the joined relation an example of the
product can be seen in figure (3 table Join) as the result of
the operations to the relations in figure (1).

Definition 4. A uniqueness operator U is defined as fol-
lows. For each set-valued attribute on which it operates the
set difference is computed between that attribute and the
union of all other attributes of that domain.

U(RnN (ti, {0.I, ..., (n − 1).I})) :

∀ti ∀
(n−1)
j=0 j.I

U
i = j.Ii −

(n−1)
[

k=0,k 6=j

k.Ii (6)

with g.Ii defined as in 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
uniqueness only across a subset of edges.

Definition 5. A unique item basis set is defined through
the following steps. An n-node joined-relation is created as
described in definition (2). The uniqueness operator is ap-
plied to all set-valued attributes. Then the Cartesian prod-
uct is used to create item tuples, and the process continues
as for joined-relation basis sets.

BIOKDD04: 4th Workshop on Data Mining in Bioinformatics (with SIGKDD Conference) page 74



Figure 4: Left: Two graphs defined over the same set of nodes, Right: Network comparison basis set

Definition 6. A network comparison basis set differs from
a unique node item basis set through the use of different edge
relations. In the current paper we limit ourselves to 3-node
network comparison basis sets. We only consider those edges
that are unique to one of the network definitions. Edges that
are represented in both networks are removed since they
cannot give us information on differences between networks.

R3NC ← ρ0.T,0.D(RN (T, D)) ∗ ρ0.T,1.T (RE1(Tl, Tr))

∗ρ1.T,1.D(RN (T, D)) ∗ ρ1.T,2.T (RE2(Tl, Tr))

∗ρ2.T,2.D(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-
ness operator 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 basis set as {0.A, 0.B, 1.C, 2.A, 2,D}. This would
lead to a network comparison basis set of {0.B, 1.C, 2.D}.
Examples of reported rules would be 0.B → 1.C which is
specific to the physical interaction and 1.C → 2.D which is
specific to the genetic. We limit the scope of our algorithm
to rules that involve only one of the networks as definition
(8). Any such rule will automatically represent a property
that is in contrast to the other network.

Definition 7. Given the above definitions of basis sets, as-
sociation rules are defined in their standard way. A rule has
the form X → Y where X and Y are sets of items (see defi-
nition 3). The support of a rule is the probability P (X ∪Y )
within the set of all basis sets C. The confidence of a rule
is the conditional probability P (Y |X). The set of all items
in the rule is an item set I = X ∪ Y .

It is important to understand that any relational association
rule depends on the context in which it was generated. A
rule that involves only two nodes related by one edge can, in
principle, be found in a 2-node join-relation and any higher
order relation. The support and confidence will however
vary depending on that context, and a rule that is strong
in one context may not be so in another. We follow [7] in
always using the lowest order possible. For network compar-
ison purposes we need three entities to derive 2-node rules.
See definition (6). The problems associated with multiple
contexts leads us to the following definitions.

Definition 8. An item set J has network comparison scope
if it represents all nodes that are related through one edge
relation and no nodes that are related through a different
edge relation. If the item set is furthermore unique, support
and confidence based on this item set will reflect network
properties that are specific 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 identifiers
0,1 and network B covering identifiers 1,2 then the itemset
{0.nucleus,1.cytoplasm,2.transferase} would not be in net-
work comparison scope but itemsets {0.nucleus,1.cytoplasm}
and {1.cytoplasm,2.transferase} would be.

Definition 9. An item set J is out-of-scope if one or more
nodes are not represented, i.e., if |πG(J)| < n where || in-
dicates the cardinality, π is the relational projection opera-
tion, G is the identifier attribute of the item tuples, and n
is the number of node relations that were joined. In figure
(3 table Unique) item sets for TID 1 and 3 are considered
out-of-scope on the transaction level.

Definition 10. An item set J is repetitious if at least one
descriptor occurs more than once, i.e., if |πD(I)| < |J | where
πD is the projection on the descriptor attribute. Two items
are considered repetitious if they belong to the same joined-
relation basis set, their origin identifier differs, 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 association 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 does not resolve it. Relational associ-
ation rule mining has more generally been addressed in the
context of inductive logic programming [10; 18; 17]. These
approaches are very flexible and leave most choices up to the
user. This paper, on the other hand, addresses the question
of what specifications allow extracting meaningful rules. It
is useful to notice that the major portions of differential rule
mining can be imported to different frameworks including
ILP.

Some biological publications have touched on the concept
of comparing networks. The authors in [27] address aspects
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 discussed in [25].
These approaches fall short of contrasting annotations in
different networks. A further related research area is graph-
based ARM [15; 21; 31; 6]. Graph-based ARM does not
typically consider more than one label on each node or edge.
The goal of graph-based ARM is to find frequent substruc-
tures in that setting.
Removal of a class of redundant rules is an important part
of differential rule mining. Redundant rules have been stud-
ied, and closed sets [8; 33] have proven a successful approach
to their elimination. Closed sets alone do not, however, ad-
dress the problem of contrasting different nodes or networks.
Since we know what kinds of rules we want to eliminate, it
is significantly more efficient to do so at the relational join
level. This strategy has the added benefit of correcting sup-
port and confidence of all rules to reflect only the contribu-
tion that is non-redundant to a combination of repetitious
and out-of-scope item sets.

There are other areas of research 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 across what can be considered transac-
tions. A tuple in a joined-relation can ultimately be com-
pared with sequences of transactions. Overall the goals of
these approaches are too different to be applicable to our
setting in any direct way.

4. IMPLEMENTATION
The differential association rule mining algorithm was im-
plemented in a modular fashion. Three major parts are dis-
tinguished. Preprocessing (steps 1.-3.) includes application
of the uniqueness operator U (see definition 4 in section 2).
The actual item set generation (step 4.) is done based on
sets of items that appear as regular sets to the ARM pro-
gram. Results in this paper use the Apriori algorithm from
Christian Borgelt [5]. Postprocessing (steps 5.,6.) does ad-
ditional filtering at the item set and rule level.
Preprocessing includes the following tasks. For undirected
graphs only one direction is typically included in data sets.
We create both directions to ensure correct representation
and then join the relations. Joined relations were created
with different methods depending on the comparison type
for input.

The uniqueness operator, 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 entities the basis
set is marked as deleted (steps 9.,10.). Such basis sets can
never contribute to in-scope item sets or rules. The basis set
is therefore not passed to the ARM method. We do, how-
ever, calculate support and confidence based on the full set
of joined table basis sets by counting all basis sets. Once the
basis sets are processed into 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 each item set are returned and have to be re-
moved (step 5.). Input from Apriori is sent to the rule gen-
eration phase (step 6.). Item sets are tested if all entities

Number of nodes in the join relation: n
n-entity joined relation basis set: Bi

Set of basis sets C:{B0,...,Bm}

Diff-ARM(n,minconf ,minsup,C)
1. For undirected graphs represent each direction
2. Join relations and eliminate cycles
3. CU=U OP(n,C)
4. FreqSets=Apriori:FreqItemset Gen(CU ,minsup)
5. For undirected graphs remove symmetric

contributions
6. U SCOPERULE(FreqSet,n,minconf )

U OP(n,C) Returns→ CU

7. foreach transaction, Bi ∈ C

8. BU
i = U(Bi({0.Ii, ..., (n− 1).Ii}))

9. foreach j.IU
i ∈ BU

i

10. if(j.IU
i == ∅) → mark tuple as deleted

11. CU+ = BU

U SCOPERULE(FreqSet, n, minconf )
12. foreach Ji ∈ FreqSet
13. if(|πG(Ji)| == n )
14. Apriori:Rule Gen(Ji,minconf )
15. Apply rule filtering

Figure 5: Differential ARM Algorithm

are represented (step 13.). If not, the item set is removed
as being out-of-scope. Rules are then produced as in stan-
dard ARM by processing the frequent item sets (step 14.).
The algorithm concludes with a set of rules that satisfy the
requirements from section 2. Rule results are additionally
filtered so that any node does not have items in both the
antecedent and the consequent of the rule after the final set
(step 15.). The following equation defines this step for a
given rule A→C:

πG(A) ∩ πG(C) == ∅ (8)

4.1 Data sets
Our data consist of one node relation gathered from the
Comprehensive Yeast Genome Database at MIPS [20; 9],
gene orf. The gene orf node relation represents 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-valued and we pick the highest level
in each hierarchy as descriptors. The relation contains the
ORF identifier as key and the set of annotations related to
that ORF as attribute (descriptor set).

We used three different definitions for protein-protein in-
teractions which are undirected edges for yeast: physical,
genetic and domain fusion. The physical edge relation was
built from the ppi table at CYGD [9] where all tuples with
type label of ”physical” were used. The genetic edge relation
was taken from supplemental 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 unfiltered results posted from [28;
14]. The set was filtered to reflect only ORFs contained in
our node relation.
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Figure 6: Left: Processing time, 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, changes in performance
come from data reduction. The resulting improvement is
highly significant. Figure (6) shows the processing time 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 differen-
tial ARM algorithm outperforms ARM by a factor of 100 in
the 4-node setting. The reduction in the number of rules is
even more significant. The difference between the number
of rules in differential and standard ARM demonstrate how
correlations dominate standard ARM output and thereby
render it useless.

5. RESULTS
We will first 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 introduction:

{0.transcription} → {1.nucleus}

support = 0.29% confidence = 28.38% (9)

This rule is a consequence of a strong single-node rule to-
gether with correlations that are documented by a repiti-
tious rule

{0.transcription} → {0.nucleus}
support = 0.70% confidence = 69.59%

{0.nucleus} → {1.nucleus}
support = 5.74% confidence = 29.02%

Using the uniqueness operator changes the support of rule
(9) to 0.02% and a confidence of 2.08%. We expect support
and confidence to be lower when the uniqueness operator is
applied, since annotations are removed. Strong rules in our
data set do, however, in general have a support around 0.2-
2% and confidence around 6-20%. Based on these numbers

the rule (9) cannot be considered strong and ranks much
lower in the new results.
For the remainder of this section we will report differential
association rules and no standard ARM results. The follow-
ing rule was found to be strong in the physical interaction
network

{1.mitochondria} → {0.cytoplasm}
support = 1.2% confidence = 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 observation confirms to us that we see rules that are
sensible from a biological perspective. Comparison with [25]
further helped us confirm some less expected rules such as

{1.mitochondria} → {0.nucleus}
support = 0.72% confidence = 16%.

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

{1.ER} → {0.mitochondria}
support = 0.21% confidence = 6%

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

(0.YLR423C: ER)
(1.YOR232W: mitochondria,

GrpE protein signature(PDOC00822),
Molecular chaperones).

On further investigation it was found that GrpE along with a
Molecular chaperone is involved in protein import into the
mitochondria [3]. This information leads to a hypothesis
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Table 1: Statistics
Table int/orf max int #>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 differential association rules can provide insights into
the functioning of the cell and can lead to further studies.

5.1 Differences Between Interaction Types
We will now look at rules that derive from the network com-
parison formalism of definitions (6) and (8) (inter-network
comparison). Given multiple types of protein-protein in-
teractions we look for significant differences to aid in the
understanding of cellular function and as well as the prop-
erties and uses of 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 edge relations to form a network
comparison joined relation (definition 6).

The networks do not show a significant 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 uses partial overlap of the networks. Table 1
shows that even the statistical properties of the networks
differ significantly: 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 across those networks has
to compensate for such differences. The process of joining
relations ensures that each protein that is considered for a
physical interaction will also be considered for a genetic in-
teraction.

Before looking at details of individual rules we will make
some general observations regarding the number of rules we
observed for different 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 means that the physi-
cal network allows the most precise statements to be made.
When comparing the domain fusion and the genetic network
no major difference was found. That suggests that physical
interactions reflect properties of the proteins better than ei-
ther of the other two.

These rules are among the top 100 generated for the physical-
domain fusion set. Some specific examples of interesting
rules from this study are as follows:

{1.Fungal Zn(PDOC00378)} →
{2.Zinc finger C2H2 type domain(PDOC00028)}
support = 0.48% confidence = 76%

This rule was found to be supported in the domain fusion
interaction set but not among the physical interactions. The

motif of ORF 1 is a fungal Zinc-cysteine domain present in
many transcription activator proteins which bind DNA in a
zinc-dependent fashion. The motif of ORF 2 is a zinc fin-
ger which also binds DNA and commonly has cysteines and
Histidine residues in them [12]. This rule tells us that the
confidence of assuming a domain-fusion interaction between
the fungal zinc domain and the zinc finger motif is 76%, not
considering cases in which a zinc finger is also involved in
a physical interaction. Further studies would be necessary
to decide if the absence of a physical interaction is due to a
problem with annotations or if those two proteins really do
not interact. The second rule is supported by the physical
network but not the domain fusion network

{0.ABC trans family signature(PDOC00185)} →
{1.ATP/GTP binding site motif A(PDOC00017)}
support = 0.45% confidence = 90%

ORF 0 has the motif of an ABC transporter signature which
implies it is an ABC transporter coding sequence. ABC
transporters have conserved 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 see that these two do-
mains physically interact but are never represented by a
single gene. This supports the observation 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 observa-
tion would also warrant further studies.

6. CONCLUSIONS
We have described the novel concept of differential associa-
tion rules. The goal of this technique is to highlight differ-
ences between items belonging to different interacting nodes
or different networks. We demonstrate that such differences
would not be identified by application of standard relational
ARM techniques. Our technique is highly efficient and ef-
fective. It follows the ARM spirit by gaining its efficiency
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 confirm expected biological knowledge
as well as identifying as yet unknown associations that were
successfully supported by further inspection of the data. We
have thereby provided a new tool that has potential for most
network settings, and have demonstrated its successful ap-
plication to bioinformatics.
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