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Abstract

The immense v olume of data resulting from DNA mi-

croarra y exp erimen ts, accompanied b y an increase in

the n um b er of publications discussing gene-related dis-

co v eries, presen ts a ma jor data analysis c hallenge. Cur-

ren t metho ds for genome-wide analysis of expression

data t ypically rely on cluster analysis of gene expres-

sion patterns. Clustering indeed rev eals p oten tially

meaningful relationships among genes, but can not

explain the underlying biological mec hanisms. In an

attempt to address this problem, w e ha v e dev elop ed

a new approac h for utilizing the literature in order

to establish functional relationships among genes on

a genome-wide sc ale . Our metho d is based on re-

v ealing coheren t themes within the literature, using a

similarit y-based searc h in do cumen t space. Con ten t-

based relationships among abstracts are then trans-

lated in to functional connections among genes. W e

describ e preliminary exp erimen ts applying our algo-

rithm to a database of do cumen ts discussing y east

genes. A comparison of the pro duced results with w ell-

established y east gene functions demonstrates the ef-

fectiv eness of our approac h.

Keyw ords: genomics, micr o arr ay, machine le arning, infor-

mation r etrieval, do cument datab ases

In tro duction

The dev elopmen t of DNA microarra ys during the last

few y ears (Sc hena et al. 1995; DeRisi, Iy er, & Bro wn

1997), allo ws researc hers to sim ultaneously measure the

expression lev els of thousands of di�eren t genes. Ex-

p erimen ts in v olving suc h arra ys pro duce o v erwhelm-

ing amoun ts of data. In resp onse, m uc h recen t w ork

has b een concerned with automating the analysis of

microarra y data. Curren tly pursued tec hniques (e.g.

Eisen et . al . (1998), T ama y o et . al . (1999), Ben-Dor

et . al . (1999)) concen trate mostly on applying cluster-

ing metho ds directly to the expression data, in order

to �nd clusters of genes demonstrating similar expres-

sion patterns. The assumption motiv ating suc h searc h

for co-expressed genes is that sim ultaneously expressed

genes often share a common function. Ho w ev er, there

are sev eral reasons that cluster analysis alone cannot

fully address this core issue:

1. Genes that are functionally related ma y demonstrate

strong an ti-correlation in their expression lev els, (a

gene ma y b e strongly suppressed to allo w another to

b e expressed), th us clustered in to separate groups,

blurring the relationship b et w een them.

2. As sho wn later, sim ultaneously expressed genes do

not alw a ys share a function. Moreo v er, genes that are

expressed at di�eren t times ma y serv e complemen ting

roles of one unifying function.

3. Ev en when similar expression lev els corresp ond to

similar functions, the function and the relationships

b et w een genes in the same cluster can not b e deter-

mined from the cluster data alone. T esting, justify-

ing, and explaining the formed clusters requires a lot

of additional researc h e�ort.

4. Due to the in terrelated nature of biological pro cesses,

genes ma y ha v e more than a single function. The

strict assignmen t of genes to clusters, resulting from

most clustering metho ds curren tly used, ma y pro v e

o v erly stringen t, p oten tially prev en ting the exp osure

of complex in terrelationships b et w een genes.

The w ork describ ed in this pap er aims to complemen t

the existing metho ds b y pro viding a m uc h-needed bi-

ological con text, based on a surv ey of the existing lit-

erature. The assumption underlying our approac h is

that the function of man y genes is describ ed in the lit-

erature, and b y relating do cumen ts talking ab out w ell

understo o d genes to do cumen ts discussing other genes,

w e can predict, detect and explain the functional re-

lationships b et w een the man y genes that are in v olv ed

in large-scale exp erimen ts. W e do not attempt here to

dra w an y functional or relational information from the

expression arra y itself. Instead, w e use a large database

of do cumen ts as our information searc h space. Eac h

gene is represen ted b y a do cumen t, roughly discussing

the gene's biological function. The literature database

is then searc hed for do cumen ts similar to the gene's

do cumen t. Th us, for eac h gene w e pro duce a set of

do cumen ts that are related to its functional role. W e

then lo ok for similarities b et w een the resulting sets of

do cumen ts. Since eac h set corresp onds to a gene, w e

can map the similar do cumen t sets bac k to their corre-



sp onding genes, and establish functional relationships

among these genes.

T o accomplish this goal, w e use a new statistical

information-retriev al metho d (Shatk a y , Wilbur 2000)

to conduct the similarit y searc h based on the gene's

do cumen t. As an in tegral part of our algorithm, w e

pro duce an \executiv e summary", consisting of a few

c haracteristic con ten t b earing terms in the set of do cu-

men ts assigned to eac h gene. Th us w e sim ultaneously

ac hiev e three goals:

� Finding functional relationships b et w een genes.

� Obtaining the literature sp eci�cally relev an t to the

function of these genes.

� Pro ducing a short summary justifying wh y the genes

w ere considered relev an t to eac h other, and what

their function is.

This functional information can then b e correlated with

the expression arra y cluster analysis to re�ne the result-

ing h yp otheses and, b y extension, future exp erimen ts.

The rest of this pap er is organized as follo ws: The

next section surv eys related w ork on gene analysis, b oth

based directly on expression arra y data and on litera-

ture mining. W e then describ e our approac h of using

the literature to �nd function and relationships b et w een

genes. Next w e discuss our preliminary exp erimen ts

and results o v er the set of w ell-studied y east genes dis-

cussed b y Sp ellman et . al . (1998). Our results demon-

strate that the automated usage of literature is an ex-

tremely p o w erful to ol for determining relationships b e-

t w een genes, for explaining expression-based clusters

obtained from arra y-based exp erimen ts, and for assist-

ing in the design of further exp erimen ts.

Related W ork

The �rst part of this section pro vides further bac k-

ground on the analysis of data obtained from gene ex-

pression arra ys and the c hallenges it p oses; the second

part discusses curren t metho ds for using the literature

for gene analysis.

Analyzing Gene Expression Arra ys

DNA microarra ys represen t the latest in a series of p o w-

erful to ols based on h ybridizing a soluble DNA/RNA

molecule to its complemen tary strand immobilized on a

solid supp ort (Southern 1975; W ahl, Meink oth, & Kim-

mel 1987; Sc hena et al. 1995). With DNA microarra ys,

cDNA corresp onding to kno wn genes is sp otted on to

the solid supp ort (usually a glass slide). The mRNA

from cells or tissues is then con v erted in to 
uorescen tly

lab eled cDNA and applied to the unlab eled cDNA ma-

trix (Sc hena 1999). Since eac h sp ot on the matrix cor-

resp onds to a kno wn gene or est , the expression lev el

of thousands of genes can b e measured in a single ex-

p erimen t. DNA microarra ys consisting of the en tire

kno wn genome from Escherichia c oli, Myc ob acterium

tub er culosis , and Sac char omyc es c er evisiae already ex-

ist (Bro wn & Botstein 1999), and those represen ting

Caenorhab ditus ele gans and Dr osophilia melano gaster

genome sequences should b e a v ailable so on. In addition,

commercially a v ailable DNA microarra ys and oligon u-

cleotide arra ys exist for most of the h uman genes c har-

acterized to date and can b e exp ected for the whole

h uman genome once it is completely sequenced and an-

notated within the next three y ears.

This new tec hnology allo ws gene expression exp eri-

men ts to b e p erformed on a genome-wide scale. Ex-

p erimen ts with S. c er evisiae ha v e studied c hanges in

gene expression patterns for o v er 95% of the protein

co ding genes sim ultaneously under a v ariet y of con-

ditions (Cho et al. 1998; Sp ellman et al. 1998;

DeRisi, Iy er, & Bro wn 1997; Ch u et al. 1998). This

increase in p ercen tage of genome measured, has an im-

mediate impact on the n um b er of genes a w aiting analy-

sis. F or example, the n um b er of genes collectiv ely iden-

ti�ed as b eing induced during sp orulation dramatically

increased from a total of 50 to appro ximately 500 from a

single set of genome wide microarra y exp erimen ts (Ch u

et al. 1998).

With this increased v olume of data man ual gene anal-

ysis b ecomes impractical, and there is an immedi-

ate need for more p o w erful metho ds of data analy-

sis (Ermolaev a et al. 1998; Bassett, Eisen, & Bo-

guski 1999). Most e�orts to date ha v e in v olv ed clus-

tering genes based on their expression patterns and

using these clusters to infer functional correlation.

Metho ds in v olving hierarc hical clustering, commonly

applied in sequence and ph ylogenetic analysis, ha v e

b een used with the y east data sets describ ed previ-

ously (Eisen et al. 1998). As exp ected, in man y cases

this clustering rev ealed that genes with a common func-

tion w ere indeed co expressed (Sp ellman et al. 1998;

Eisen et al. 1998). Self- organizing maps (T ama y o et al.

1999) and other clustering metho ds (W en et al. 1998;

Ben-Dor & Y akhini 1999) ha v e also b een sho wn to e�ec-

tiv ely group genes b y the observ ed expression patterns.

While clusters of sim ultaneously expressed genes can

correlate with shared function, this is not alw a ys the

case. The complex and parallel nature of the system

causes some genes to share similar expression pro�les

despite the distinct biological pro cesses in whic h they

are in v olv ed. In fact, careful analysis of the CLB2 clus-

ter describ ed b y Sp ellman et . al . (1998) rev eals genes in-

v olv ed in sev eral di�eren t cellular functions. F or exam-

ple, CHS2, BUD8, and IQG1 are all in v olv ed in main-

tenance of the cell w all while A CE2, ALK1, and HST3

are in v olv ed in n uclear ev en ts. This example demon-

strates the w ealth of biological information that is not

represen ted b y temp oral gene clusters.

In addition, some mem b ers of a common signaling path-

w a y ma y pla y an tagonistic roles and actually sho w an

an ti-correlation with regards to gene expression. As



a result, the clusters obtained from shared gene ex-

pression pro�les m ust still b e analyzed with resp ect to

kno wn biological roles, b efore reliable conclusions ab out

their biological functions can b e dra wn from the data.

A more recen t approac h to arra y analysis uses

Ba y esian net w orks to describ e relationships b et w een

genes (F riedman et al. 2000). Rather than simply

group genes according to their related expression pat-

terns, this approac h allo ws the iden ti�cation of c ausal

r elationships among genes. Indeed, based on the anal-

ysis of 800 genes sho wn to ha v e regulated gene expres-

sion during the y east cell cycle (Sp ellman et al. 1998),

only a few of these genes app eared to dominate the

order of expression (F riedman et al. 2000), and the re-

sults could highligh t the critical genes for establishing

the y east cell cycle. While this analysis can suggest

causal relationships b et w een genes, it do es not pro vide

the biological explanation for these relations. In some

cases, only further exp erimen tation can determine the

in v olv ed mec hanism. Ho w ev er, it is highly lik ely that

in man y of these cases, this information curren tly exists

in the published literature.

The curren t metho d for explaining the disco v ered clus-

ters and relationships, has b een for individuals to searc h

through the literature, gene b y gene, or rely on their

o wn kno wledge of the biological pro cesses in v olv ed.

While suc h a metho d can b e e�ectiv e on a small scale,

it pro duces a ma jor b ottlenec k when p erforming exp er-

imen ts on a genome-wide scale.

It is for this reason that w e prop ose the dev elopmen t

of an automated metho d for relating genes according

to their biological function based on the curren t lit-

erature. Our metho d complemen ts the approac hes de-

scrib e ab o v e, b y pro viding literature-based explanations

to the clusters and the relationships that are disco v ered

through the expression arra ys. The next section surv eys

curren t researc h aimed at automating literature mining

in the area of gene analysis.

T ext Usage in Biological Analysis

With the adv ancemen t of genome sequencing tec h-

niques comes an o v erwhelming increase in the amoun t

of literature discussing the disco v ered genes. As an il-

lustrativ e example, the n um b er of PubMe d do cumen ts

con taining the w ord gene published b et w een the y ears

1970 � 1980 is a little o v er 35 ; 000, while the n um-

b er of suc h do cumen ts published b et w een the y ears

1990 � 2000 is 402 ; 700 { o v er a ten fold increase. Th us,

surv eying the literature for information ab out genes

requires a great deal of time and e�ort. It can not

b e e�ectiv ely and e�cien tly done using the curren tly

a v ailable searc h tec hniques, giv en the large n um b er of

genes in v olv ed in curren t expression arra y exp erimen ts.

The problem is further aggra v ated b y the non-uniform

nomenclature used in the literature as illustrated b elo w.

The most widely used on-line source for gene-related

abstracts is the PubMe d database. An initial step in

the searc h for relev an t literature in PubMe d is the sp ec-

i�cation of a b o ole an query . The user pro vides either

a single term (e.g. OLE1 ), or a b o olean com bination of

terms (e.g. OLE1 AND sterol ). The result is the set of

al l do cumen ts found in the database whic h satisfy the

constrain ts sp eci�ed in the query . This form of query

su�ers from sev eral w ell-kno wn de�ciencies:

� A pr ohibitively lar ge n um b er of do cumen ts are t yp-

ically retriev ed.

� A substan tial part of the retriev ed do cumen ts are

irr elevant to the user's information needs.

� Man y relev an t do cumen ts may not b e r etrieve d , de-

spite their relev ance. F or instance, do cumen ts that

talk ab out ole 1 using one of its aliases suc h as DNA

r ep air pr otein fatty-acid desatur ase 1 or A CYL-

CO A desatur ase 1 will not b e retriev ed.

A lot of recen t w ork on mining the literature for genes

and proteins aims at supp orting the b o olean paradigm,

impro ving it to pro duce more accurate results (th us

mostly addressing the �rst t w o problems). Suc h w ork

concen trates on automated natural language pro cessing

for �nding relev an t phrases and useful facts in text. It

is in tended to assist in �nding do cumen ts ab out a giv en

gene, or ab out the relationships b et w een sp eci�c genes.

Leek (1997) suggests a w a y of using hidden Mark o v

mo dels ( hmm )s for extracting sen tences discussing gene

p ositions on c hromosomes from text. Cra v en and Kum-

lien (1999) in tro duce a metho d for transforming 
at

text do cumen ts in to databases of facts ab out relation-

ships b et w een genes/proteins, p erforming a task similar

to the one Leek addresses, without the need to obtain

an hmm for disco v ering these relationships. Rind
esc h

et . al . (2000) presen t a metho d based on parsing and us-

ing thesauri to automatically extract facts ab out genes

and proteins from do cumen ts. Blasc hk e et . al . (1999)

also use a similar metho d for extracting information

ab out protein in teraction from scien ti�c text. Most of

the ab o v e metho ds ha v e only b een applied to small and

limited sample sets of do cumen ts/terms. They all stem

from the b o olean query paradigm, and require the user

to sp ecify a v ery accurate query in order to pro vide

high-qualit y results.

Another recen t system aiming at impro ving the qualit y

of the results returned from b o olean searc h o v er genes is

Me dMiner b y T anab e et . al . (1999). It pro vides a go o d

in terface to t w o databases, Gene c ar ds and PubMe d . In

order to retriev e do cumen ts that are lik ely to b e of in-

terest to the user, it relies on a h uman-generated list

of k eyw ords, whose presence in a do cumen t discussing

genes t ypically indicates that the do cumen t is of high

qualit y and relev ance. Still, Me dMiner pro vides abun-

dan t information ab out a single gene or ab out the rela-

tionship b et w een t w o sp eci�ed genes. Suc h quan tities of

information generated p er gene when h undreds of genes

are in v olv ed can not b e e�ectiv ely handled b y a user.

The ab o v e metho ds all rely on strong assumptions re-



garding the use of natural language, suc h as the terms

t ypically used to indicate relationships and the w a y sen-

tences are structured. With the shift to w ards the analy-

sis of mammalian systems the problem of non-uniform

nomenclature and language usage is lik ely to w orsen.

Gene sym b ols are rarely used in the mammalian sys-

tem literature. Instead, the discussion in v olv es a large

v ariet y of terms describing the genes. This additional

complication will mak e it di�cult for the user to form

accurate b o olean queries. It is also lik ely to reduce

the e�ectiv eness of literature mining strategies that are

based on gene sym b ol iden ti�ers (suc h as the one sug-

gested b y Leek) and on strong assumptions ab out the

w a y genes names are used in sen tences. Moreo v er, these

systems can indeed b e helpful when searc hing for infor-

mation ab out a few genes at a time, but do not address

the need for �nding links and functional relationships

among thousands of genes.

An alternativ e to the b o olean query paradigm is the use

of similarity queries ; the user pro vides a sample do cu-

men t that is relev an t to the sub ject of in terest, and gets

bac k other do cumen ts discussing the same sub ject mat-

ter. Suc h a query mec hanism do es not dep end on the

user c hoice of query terms, but rather on the con ten ts

and qualit y of the example do cumen t. The abilit y to

retriev e qualit y do cumen ts that are indeed similar in

con ten ts to the example do cumen t strongly dep ends on

de�ning a similarit y measure and a searc h pro cedure

that ranks the relev an t do cumen ts high and the irrele-

v an t ones lo w. W e ha v e recen tly dev elop ed a probabilis-

tic algorithm that, giv en an example do cumen t, �nds a

set of do cumen ts that are most relev an t to it ( a theme )

and pro vides a set of terms summarizing the con ten ts

of this set of do cumen ts (Shatk a y , Wilbur 2000). The

use of similarit y queries in general and this algorithm in

particular, forms the basis to our approac h as describ ed

in the next section.

The ultimate c hallenge in the use of literature for an-

alyzing expression arra ys is the abilit y to obtain an

o v erview of the whole landscap e of genes and their re-

lated literature. A go o d literature analysis to ol should

pro vide information suc h as whic h genes are function-

ally related to eac h other, what their shared function-

alit y is and whic h do cumen ts discuss this functionalit y .

It should also pro vide summaries that allo w easy and

quic k bro wsing through the literature, and an easy ac-

cess to the most relev an t do cumen ts. The next section

describ es the new approac h w e ha v e dev elop ed in order

to meet suc h c hallenges.

Disco v ering Gene F unctions and

Relations through the Literature

The h yp othesis underlying our approac h is that the

function of man y individual genes is discussed in the

literature and that a go o d analysis of the literature is

a primary step b oth for exp erimen tal design and for

result analysis follo wing suc h exp erimen ts.

Acting under this h yp othesis, w e shift our atten tion

from the gene-expression space to do cumen t space.

Th us w e start with a large database of do cumen ts con-

taining all the relev an t literature discussing the domain

of in terest (for instance { all the do cumen ts in PubMe d

that discuss y east genes). Eac h gene is mapp ed to a

single do cumen t discussing it; eac h suc h do cumen t is

treated as a represen tativ e of the gene. W e call eac h

do cumen t th us asso ciated with a gene the kernel do cu-

ment for that gene.

Using our algorithm for �nding similar do cumen ts, w e

obtain for eac h gene a b o dy of related literature (20-

50 do cumen ts sharing a common theme ) based on the

do cumen t represen ting the gene, along with an \exec-

utiv e summary" con taining the terms that c haracterize

the relev an t literature. It is imp ortan t to note that the

abstracts retriev ed b y our algorithm are considered rel-

ev an t not b ecause they con tain the same gene name as

the one asso ciated with the k ernel abstract, but rather

b ecause they discuss the same issues (whic h t ypically

corresp onds to functionalit y) as those discussed in the

k ernel do cumen t.

There are sev eral w a ys to use the set of do cumen ts re-

triev ed for eac h gene in order to deriv e relationships

among genes:

� One can simply mine this set for the names of other

genes as done b y an y of the algorithms describ ed in

the previous section. The main limitation of doing so

is the dep endency on explicit rules for detecting gene

names, with the risk of o v erlo oking imp ortan t infor-

mation while detecting unimp ortan t relationships.

� A more e�ectiv e w a y is to automatic al ly compare the

sets of do cuments retriev ed for eac h gene, and de-

termine that genes share similar functionalit y if the

literature asso ciated with eac h of them is similar.

� A third p ossible w a y is to use the terms c haracter-

izing the retriev ed literature, as they o ccur in the

summary , and consider genes as related if their sum-

maries consist of the same (or almost the same) set

of terms.

W e curren tly use the second of these metho ds to deter-

mine relationships among genes, as describ ed later in

this section.

The �rst step in our approac h requires mapping the

set of genes h G

1

; : : : ; G

N

i to a set of k ernel do cumen ts

h K

1

; : : : ; K

N

i (see top of Figure 2). Kernel do cumen ts

are curren tly obtained from the a v ailable curated litera-

ture ab out y east genes (as explained in the exp erimen ts

part of this pap er). Our metho d strongly dep ends on

the qualit y of the k ernel do cumen ts. Abstracts dis-

cussing exp erimen tal metho ds rather than gene func-

tion tend to dra w other do cumen ts describing the same

exp erimen tal metho ds. The result is a do cumen t set

not represen tativ e of the gene's function. On the other
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Figure 1 : T ypical term distribution for the Nutrition

theme.

hand, k ernels discussing gene biology t ypically lead to

high qualit y information ab out the functionalit y of re-

lated genes. W e are curren tly considering w a ys to au-

tomate the k ernel selection pro cess, so that eac h k ernel

faithfully represen ts the biology of its asso ciated gene.

The rest of this section pro vides the details of our ap-

proac h. W e �rst outline the similarit y query algorithm

used for �nding related abstracts starting from a k er-

nel do cumen t. (A complete discussion of the mo dels

and the algorithms can b e found in (Shatk a y , Wilbur

2000)). W e then describ e ho w similarities b et w een the

obtained do cumen t collections are detected.

Similarit y Queries o v er Do cumen ts

Our algorithm is based on the idea that do cumen ts

whic h share a common theme can b e mo deled as though

they w ere generated through sampling from a common

set of indep enden t Bernoul li distributions represen ting

the theme. F or example, a set of do cumen ts discussing

genes resp onsible for nutrition during the cell-cycle, are

lik ely to con tain terms suc h as fructose or gluc ose and

quite unlik ely to con tain the term lipid , as illustrated

in Figure 1.

Eac h do cumen t in our do cumen t database, DB , is mo d-

eled as an M -dimensional binary v ector, where M

is the n um b er of distinct terms

1

f t

1

; : : : ; t

M

g in

the database. F ormally , a do cumen t d is a v ector

h d

1

; d

2

; : : : ; d

M

i , where:

d

i

= �

di

def

=

n

1 if t

i

2 d ;

0 otherwise :

(1)

Giv en a theme T , w e view the presence/absence of

terms in do cumen t d in the database D B , as a result of

M indep enden t Bernoulli ev en ts, eac h of whic h stems

from one of three families of Bernoulli distributions:

� p

T

i

| the probabilit y that the term t

i

o ccurs in

a do cumen t d , giv en that d is a theme do cumen t:

p

T

i

def

= Pr ( t

i

2 d j d 2 T ) :

1

T erms consist of one or t w o w ords, excluding stop w ords.

They are extracted from the ra w text in a standard prepro-

cessing stage.

� q

T

i

| the probabilit y that the term t

i

o ccurs in a

do cumen t d , giv en that d is an o�-theme do cumen t:

q

T

i

def

= Pr ( t

i

2 d j d =2 T ) :

� D B

i

| the probabilit y that the term t

i

o ccurs in

a do cumen t d , giv en that d is a do cumen t in the

database, regardless of its b eing an on-theme or an

o�-theme do cumen t: D B

i

def

= Pr ( t

i

2 d j d 2 D B ) :

The distribution D B

i

mo dels the p ossible arbitrary us-

age of terms in the language, without b eing strongly in-

dicativ e of the main topic discussed. (e.g. the sen tence

\He enter e d the building" is not particularly relev an t

to the topic c onstruction , despite the o ccurrence of the

term building in it).

The a priori probabilit y of an y do cumen t d 2 D B , re-

gardless of its con ten ts, to b e a theme do cumen t is de-

noted as P

d

: P

d

def

= P r ( d 2 T ).

Throughout this pap er, w e assume this parameter to

b e kno wn and �xed for all do cumen ts, and w e do not

attempt to estimate it here. (In the exp erimen ts de-

scrib ed later, P

d

= 0 : 01 for all d 2 D B .)

The last comp onen t of our mo del is the Bernoulli ev en t

represen ting the c hoice made for eac h term t

i

, in eac h

do cumen t d , whether it is to b e generated according to

the database probabilit y , D B

i

or according to the sp e-

ci�c on/o�-theme distribution. W e denote this proba-

bilit y , for eac h term t

i

, as �

i

.

The pro cess b y whic h eac h do cumen t d 2 D B is gen-

erated, giv en a sp eci�c theme, T , can b e mo deled as

follo ws: First it is decided if the do cumen t d is inside

the theme T or not. The probabilit y for d 2 T is P

d

.

Then for e ach term , t

i

, it is decided if t

i

is generated

according to the general database distribution, D B

i

, or

according to its sp eci�c theme/o�-theme distribution.

The probabilit y of a term t

i

to b e generated according

to the general database distribution D B

i

is �

i

.

Finally , the decision whether to include the term in the

do cumen t d is based on one of three p ossibilities:

� If t

i

is to b e generated according to the general DB

distribution, it is included in d with probabilit y D B

i

.

Otherwise:

� If d is a theme do cumen t, t

i

is included in d with

probabilit y p

T

i

.

� If d is an o�-theme do cumen t, t

i

is included in d with

probabilit y q

T

i

.

Note that for eac h do cumen t d 2 D B , w e know the

terms it con tains. The missing information is whic h

do cumen ts are theme do cumen ts and whic h terms are

generated from the general distribution, D B

i

, as op-

p osed to the theme-sp eci�c ones, p

T

i

and q

T

i

.

Giv en a single do cumen t represen ting the gene, our task

is to �nd the c haracteristic set of Bernoulli distribu-

tions, ( p

T

, q

T

and � )

2

, for all terms i , and use it to

2

Note that estimating D B

i

is straigh tforw ard since all



�nd the do cumen ts that are highly lik ely to ha v e b een

generated b y sampling from these distributions. The

latter do cumen ts are the ones fo cused on the theme

represen ted b y these distributions. In addition, w e pro-

duce a set of terms c haracterizing this theme. These

are the terms that ha v e a high probabilit y to o ccur in

theme do cumen ts (high p

T

i

) and a m uc h lo w er proba-

bilit y to o ccur in do cumen ts outside the theme (high

ratio p

T

i

=q

T

i

).

T o estimate the Bernoulli parameters under missing

information as describ ed ab o v e, w e use an Exp ecta-

tion Maximization algorithm(EM) (Dempster, Laird,

& Rubin 1977); it aims to maximize the lik eliho o d

of the database partition in to theme/o�-theme do cu-

men ts, giv en the Bernoulli parameters, based on the

k ernel do cumen t. The complete algorithm is describ ed

elsewhere (Shatk a y , Wilbur 2000), and w e pro vide only

its outline here. An EM algorithm starts b y initializ-

ing the mo del parameters, ( p

T

; q

T

; �

T

), based on some

prior kno wledge; in our case the initial assignmen t is a

rough appro ximation of the Bernoulli parameters based

on the k ernel do cumen t and its comparison to the rest

of the database. It then alternates b et w een:

� the E-step of computing the exp e cte d values , for the

lik eliho o d of the do cumen ts to b e in the same theme

as the k ernel do cumen t, under the curren t parameter

estimates, and

� the M-step of �nding new mo del parameters that

maximize the lik eliho o d of the database partition in to

theme/o�-theme do cumen ts giv en the parameters.

This iterativ e pro cess is guaran teed, under mild condi-

tions, to pro vide monotonically increasing con v ergence

of the lik eliho o d function, and w e ha v e pro v en that our

algorithm indeed con v erges to suc h a lo cal maxim um.

W e execute this algorithm for eac h of the k ernel do c-

umen ts, h K

1

; : : : ; K

N

i , represen ting eac h of the genes,

h G

1

; : : : ; G

N

i , as illustrated in the top part of Figure 2.

The result from the run for eac h gene consists of:

� a list of the top 50 do cumen ts discussing the same

theme as the k ernel do cumen t, ordered b y their de-

gree of relev ance to the theme, and

� a list of terms (k eyw ords) c haracterizing the theme,

ordered b y their degree of relev ance to the theme.

Note that the k eyw ords pro vided in the list are not

merely the terms most probable to o ccur in the set of

do cumen ts discussing the theme, but rather those that

are m uc h more probable to o ccur in this set than in the

rest of the database ( p

T

i

=q

T

i

is high). Simply using the

most frequen t terms, (as done, for example, b y T an-

ab e et. al. (1999)), t ypically results in terms that are

common throughout the database and therefore non-

informativ e. In con trast our metho d pro vides k eyw ords

the required information is presen t in the database.

that are informativ e and descriptiv e of the sp eci�c sub-

ject matter.

This output, as sho wn in the results section of this pa-

p er, in and of itself, pro vides v aluable supp ort for gene

analysis. Still, w e further extend it in the next phase,

to assist in �nding relations among the genes.

Finding F unctional Relations among Genes

Ob viously , establishing �rm functional relationships b e-

t w een genes requires p erforming carefully designed ex-

p erimen ts. Ho w ev er, the literature can b e used to sug-

gest p ossible relations and to pro vide coheren t justi�ca-

tion for these suggestions. In the follo wing w e describ e

our approac h for utilizing the literature in this manner.

Our primary assumption, whic h is justi�ed b y our re-

sults, is that common relev an t literature is a strong in-

dicator of common functionalit y . That is, genes whic h

ha v e similar lists of top ranking do cumen ts asso ciated

with them, share some common function that is de-

scrib ed in the common literature.

Our task is th us reduced to �nding similarities b et w een

the lists of do cumen ts retriev ed in the previous phase

of the algorithm, and to asso ciating with eac h gene all

the other genes that ha v e similar do cumen t lists. T o

do this w e use the PubMe d identi�ers asso ciated with

the do cumen ts, without examining the do cumen ts' con-

ten ts. Using the iden ti�ers alone, w e construct for eac h

k ernel a v ector c haracterizing it based on the do cumen ts

deemed relev an t to it b y the �rst phase of the algorithm.

Using this v ector represen tation, w e can rank, for eac h

k ernel K

i

, all the other k ernels according to their pro x-

imit y to K

i

in the k ernel-v ector space. Since eac h k ernel

corresp onds to a gene, w e can map the in ter-related k er-

nels bac k to their resp ectiv e genes, and obtain a set of

genes that are closely related. The metho d is illustrated

at the b ottom part of Figure 2 and is further describ ed

in the follo wing paragraphs.

First, w e construct the set of PubMe d Iden ti�ers of rel-

ev an t do cumen ts, S

r

, as follo ws:

Let N b e the n um b er of k ernel do cumen ts used for rep-

resen ting genes

3

. W e denote eac h k ernel do cumen t b y

K

i

where 1 � i � N .

F or eac h k ernel, K

i

, let L

i

b e the set of PubMe d iden ti-

�ers for the 50 top ranking do cumen ts asso ciated with

k ernel K

i

, formally: L

i

def

= f I D

i

1

: : : I D

i

50

g ;

where I D

i

j

is the PubMe d iden ti�er of the j

th

do cumen t

rank ed as relev an t for k ernel K

i

.

In tuitiv ely sp eaking, if t w o distinct genes, G

i

and G

j

,

represen ted b y k ernels K

i

and K

j

, ha v e similar sets of

relev an t PubMe d iden ti�ers, L

i

and L

j

, then the lit-

erature relev an t to these t w o genes has a lot in com-

3

The n um b er of genes w e are analyzing ma y exc e e d N

since the same k ernel do cumen t migh t discuss and represen t

more than a single gene.
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Figure 2 : Finding Do cumen ts and T erms related to Genes (top), and Sets of Related Genes (b ottom).

mon. This in turn suggests that some roles and func-

tions (whic h are t ypically describ ed in the literature)

are shared b y these t w o genes.

Note that when lo oking for similarities b et w een lists of

PubMe d iden ti�ers, iden ti�ers that o ccur only within a

single list L

i

, and do not o ccur in an y other list, L

j

, do

not con tribute to the ev aluation of L

j

as similar to L

i

.

Using this observ ation, w e can reduce the n um b er of

PubMe d iden ti�ers used for comparing do cumen t lists.

F ormally , let ID denote a PubMe d iden ti�er and j ID j

denote the total n um b er of iden ti�er lists, L

i

, in whic h

ID o ccurs. Our calculations need only tak e in to accoun t

those iden ti�ers for whic h j ID j > 1.

Th us, S

r

is de�ned to b e the set of PubMe d iden ti�ers

of all do cumen ts that are in the relev ance list of at least

t w o k ernels. F ormally:

S

r

def

=

N

[

i =1

L

i

� f ID j j ID j � 1 g : (2)

W e denote the n um b er of PubMe d iden ti�ers in S

r

, j S

r

j ,

b y M

r

, and denote eac h PubMe d iden ti�er in S

r

as ID

j

where 1 � j � M

r

.

W e can no w represen t eac h k ernel do cumen t K

i

, as an

M

r

-dimensional v ector, V

i

def

= h v

1

i

: : : v

M

r

i

i o v er S

r

where

v

j

i

are de�ned as follo ws:

v

j

i

= �

ij

def

=

n

1 if ID

j

2 L

i

0 otherwise :

(3)

W e then divide eac h suc h k ernel v ector b y its length,

(the length in this case is simply the square ro ot of

the n um b er of non-zero en tries), obtaining a normalized

represen tation of the k ernels as v ectors of length 1.

T o gauge the similarit y b et w een eac h pair of k ernels,

w e calculate the c osine c o e�cient b et w een their resp ec-

tiv e v ectors. The cosine co e�cien t is a w ell understo o d

measure often used in information retriev al to roughly

assess similarit y b et w een do cumen ts, when do cumen ts

are represen ted as v ectors of terms (see, for instance,

Salton (1989)). W e use it here in a non-traditional con-

text, where our v ector represen ts the k ernels based on

other do cuments rather than terms . F ormally , the co-

sine co e�cien t b et w een t w o v ectors, V

i

; V

k

, whose re-

sp ectiv e lengths are k V

i

k ; k V

k

k is the cosine of the an-

gles b et w een the v ectors and is de�ned as:

cos ( V

i

; V

k

)

def

=

P

M

r

j =1

v

j

i

� v

j

k

k V

i

k � k V

k

k

:

Since the v ectors represen ting the k ernels are normal-

ized, their length is 1 and only the n umerator needs to

b e calculated.

W e note that the cosine co e�cien t is 0 whenev er the

v ectors V

i

and V

j

are ortho gonal ( indep endent of eac h

other), and 1 when V

i

= V

j

. Th us, the closer V

i

and V

j

are, the closer the co e�cien t is to 1. Hence, b y calcu-

lating for eac h k ernel v ector, V

i

, the cosine co e�cien ts

with resp ect to all other k ernel v ectors, V

j

, w e obtain

for eac h k ernel a ranking of ho w related it is to eac h of

the other k ernels, K

j

.

By recalling that eac h k ernel K

i

corresp onds in turn to

a gene G

i

w e obtain a relationship b et w een the resp ec-

tiv e genes. The reasoning for the assumed relationship

is giv en b y the lists of terms asso ciated with the themes

generated from the k ernel do cumen ts, and th us the rea-

soning b ehind the suggested relationships can b e easily

c hec k ed.

It is left to b e sho wn that the do cumen ts retriev ed as

relev an t to the genes, the summaries obtained and the

relationships implied b y using our algorithms are indeed

useful. The exp erimen ts and the results rep orted in the

next section demonstrate that our metho ds are indeed

capable of meeting these criteria.



Exp erimen ts and Results

The main goal of the metho ds presen ted in this w ork is

to pro vide researc hers with qualit y literature and con-

cise con ten ts summaries regarding genes. A secondary

goal is to presen t and rev eal (p ossibly y et-unkno wn)

relationships among genes.

T o c hec k the p erformance of our algorithms w e apply

them to y east genes, and sho w ho w our metho ds indeed

�nd relev an t do cumen ts and pro vide accurate summary

terms. Moreo v er, w e also disco v er meaningful relation-

ships among the genes. W e ha v e c hosen the y east DNA

microarra y testb ed since the v alidit y of our metho ds can

only b e assessed b y comparison of the results with exist-

ing summaries of biological information. The Sacc ha-

rom yces Genome Database

4

(Cherry et al. 1998; Ball et

al. 2000) and the Y east Proteome Database (Costanzo

et al. 2000), as w ell as the functional analysis giv en b y

Sp ellman et. al. (1998), are critical for rapid, ob jectiv e

ev aluation of our results.

W e realize, of course, that the fact that the y east genes

are w ell studied biases the literature in PubMe d to in-

clude man y abstracts discussing these genes. Ho w ev er,

giv en that PubMe d consists of abstracts only , whic h t yp-

ically con tain little explicit information ab out the con-

nections among genes, it is ob vious that our algorithms

con tribute a great deal, �nding information that can

not b e easily and e�ectiv ely obtained b y an y curren tly

a v ailable means.

The rest of this section describ es the exp erimen tal set-

ting and rep orts the results obtained b y applying our

algorithms to the data. The qualit y of the results w as

v eri�ed through comparison to the functional groups

of genes according to Sp ellman et . al . (1998). The p or-

tion of Sp ellman's table relev an t to the results discussed

here is sho wn in T able 1. The table categorizes the

y east genes according to their functionalit y (ro ws) and

the phase in the cell-cycle in whic h they are expressed

(columns).

Exp erimen tal Setting

The exp erimen ts presen ted here consist of applying our

algorithms to y east genome data, in an attempt to �nd

relev an t literature and gene relations for the y east genes

analyzed b y Sp ellman et . al . (1998). The names of all

the genes used b y Sp ellman

5

w ere compared against

the Sacc harom yces Genome Database (SGD). Out of

ab out 800 genes found b y Sp ellman et. al. to b e cell-

cycle regulated, only 408 genes had curated PubMe d

references in the SGD, and our exp erimen ts concen trate

on these 408 genes.

4

SGD, the Sacc harom yces Genome Database can b e ac-

cessed at http://genome-www.stanfor d.e du/Sac char o myc es

and YPD, the Y east Proteome Database, at

http://www.pr ote ome.c om/datab ases/index.html .

5

Av ailable through the genome w eb site at Stanford,

h ttp://genome-www.stanford.edu/cellcycle/ .

F or eac h of the genes, the oldest reference cited in SGD

w as c hosen to b e the k ernel do cumen t corresp onding

to the gene. Since some of the closely related genes

share the same reference, w e obtain 344 distinct k ernel

do cumen ts on whic h w e test our algorithm.

The database used in our exp erimen ts is a subset

of PubMe d , consisting of 33,700 do cumen ts discussing

y east genes. It w as constructed b y taking the 344 k ernel

do cumen ts, and applying the curren t PubMe d neigh b or-

ing algorithm (Wilbur & Co�ee 1994) to eac h of the

k ernel do cumen ts. Neigh b oring w as applied again to

all the resulting do cumen ts and then applied a third

time to all the do cumen ts in the resulting set. The

resulting database con tained 42,335 do cumen ts whic h

included 2,250 do cumen ts deemed relev an t for our 408

target genes b y the SGD curators (86% of the total

curated do cumen ts as of August, 1999). Man y of the

42,335 had a title only and no abstract, and w e elim-

inated them from the database, resulting in a set of

33,700 y east-related do cumen ts. W e eliminated from

these do cumen ts the Mesh term taggings t ypically as-

so ciated with PubMe d en tries, as w ell as all the terms

that o ccur in o v er 10% of the do cumen ts in the database

or in 2 or few er do cumen ts. All these terms are t ypically

useless and ma y ha v e detrimen tal e�ect when lo oking

for descriptiv e k eyw ords. Eliminating suc h terms im-

pro v es b oth the qualit y of the results and the running

time of the program.

As a �rst phase in our exp erimen ts, w e applied our simi-

larit y searc h program, describ ed in the previous section,

to the 344 k ernels, searc hing o v er the database of 33,700

abstracts. F or eac h k ernel, the program outputs a list

of the top 50 related do cumen ts and a list of k eyw ords

describing the con ten ts of this relev an t set.

The next phase consists of lo oking for r elationships

among genes. F or eac h of the k ernels, the previous

phase pro duced a list of 50 relev an t do cumen ts. The

�rst step in the curren t phase is to construct the set of

relev an t do cumen ts retriev ed for al l the k ernels, elimi-

nating duplicates. That is, if a single do cumen t is rele-

v an t to more than one k ernel, it is still included in the

set of relev an t do cumen ts only once. W e then elimi-

nate all do cumen ts that are relev an t for a single k ernel

only , as explained in the previous section. W e are left

with a set of 3063 do cumen ts that are relev an t to 2 or

more k ernel do cumen ts, (this is the set S

r

, de�ned in

Equation 2).

W e then represen t eac h k ernel as a 3063-dimensional

v ector (as sp eci�ed in Equation 3), and use the cosine

co e�cien t to measure similarit y b et w een eac h k ernel

and all the other ones. Eac h k ernel is then con v erted

bac k to the gene(s) for whic h it w as curated. The genes

that are group ed as similar according to our metho d

are compared with the ones group ed b y functionalit y

according to Sp ellman's table (parts of whic h are sho wn

in T able 1).



Biological G1 S G2 M M/G1

F unction

Replication CDC45 OR C1 CDC47 CDC54 CDC6 CDC46

Initiation MCM2 MCM6 MCM3

F att y Acids/ EPT1 LPP1 PSD1 A UR1 ER G3 LCB3 ER G2 ER G5 PMA1 ELO1 F AA1 F AA3

Lipids/ SUR1 SUR2 SUR4 PMA2 PMP1 F AA4 F AS1

Sterols/

Mem branes

Nutrition BA T2 PHO8 A GP1 BA T1 GAP1 DIP5 FET3 FTR1 A UA1 GLK1 HXT1

MEP3 PFK1 PHO3 HXT2 HXT4 HXT7

PHO5 PHO11 PHO12

PHO84 R GT2 SUC2

SUT1 V AP1 V CX1

ZR T1

T able 1 : Y east Genes: expression during cell-cycle and functionalit y . (Adapted from Sp ellman et. al. (1998))

T o c hec k the v alidit y of the k eyw ord list assigned to

eac h k ernel, w e compare eac h k eyw ord to its asso ciated

functionalit y using a mini-thesaurus obtained from a

panel of four indep enden t y east exp erts. Eac h func-

tionalit y description listed in Sp ellman's table (suc h as

Se cr etion or Chr omatin ) is asso ciated with the terms

judged most closely related to it according to the ex-

p erts. Eac h exp ert receiv ed a list of the 22 function de-

scriptions listed b y Sp ellman et al , and a separate list

of 330 alphab etically-sorted summary terms resulting

from our program. The exp erts assigned to eac h term

in the latter list, the functionalit y descriptors that they

judged to b e most related to it; non-sp eci�c terms w ere

left unassigned. An example of t w o en tries in the re-

sulting thesaurus is sho wn in T able 2.

F unction Asso ciated T erms

Chromatin chr omatids, chr omatin, chr omosome,

sister chr omatids, telomer e, telomeric

Secretion acid phosphatase, c o atomer, endoplasmic

endoplasmic r eticulum, er, golgi app ar atus

golgi c omplex, golgi tr ansp ort, golgi, v snar e

T able 2 : Example of thesaurus en tries asso ciating gene

function with related terms.

F or eac h gene, w e compare its functionalit y according to

Sp ellman with the functionalit y assigned b y the panel

to eac h of its k ey terms, coun ting ho w man y of the k ey

terms indeed corresp ond to the gene's functionalit y ac-

cording to Sp ellman and ho w man y do not. The results

are describ ed throughout the rest of this section.

Results

As stated b efore, for eac h gene represen ted b y a k er-

nel do cumen t w e obtain through the similarit y query

mec hanism applied to the whole database:

1. A set of related do cumen ts.

2. A set of summarizing k eyw ords.

In addition, from the set of related do cumen ts w e ob-

tain, for eac h k ernel, through the v ector represen tation

and the cosine co e�cien t calculation, a set of related

k ernels. The latter k ernels are mapp ed bac k to form a

set of related genes.

T o assess the v alue of the results obtained in the �rst

phase w e examine the set of summarizing k eyw ords.

(Ob viously , ob jectiv ely assessing the qualit y of the re-

triev ed do cumen ts themselv es w ould also b e desirable

but there is no w ell-de�ned w a y to do it.) W e also ex-

amine the lists of related genes obtained in the second

phase. The qualit y of the results is c hec k ed through a

comparison with the functionalit y assigned to genes b y

Sp ellman et. al ., sho wn in T able 1. Since man y of the

genes in the exp erimen t are not assigned an y function-

alit y b y Sp ellman (120 out of the 344 k ernels used) ,

w e can only v erify in this manner results for the ones

whose functionalit y w as determined b y Sp ellman et . al .

An example of a t ypical successful searc h is sho wn in

T able 3. The left column of the table lists the PubMe d

iden ti�ers for t w o k ernel do cumen ts together with the

genes they stand for and the functionalit y of these genes

according to Sp ellman et . al . The second column lists,

for eac h of the t w o k ernels, the 10 top k eyw ords asso ci-

ated with the retriev ed set of do cumen ts, as determined

b y our algorithm. The third column lists the top 10

genes

6

asso ciated with eac h of the t w o k ernels, based on

the cosine co e�cien t. The fourth column lists the func-

tion of eac h gene according to Sp ellman et . al , as a mean

6

ELO1 has only 9 genes asso ciated with it, since there

w ere only 9 non-zero cosine co e�cien ts asso ciated with its

k ernel.



Kernel (PMID, Keyw ords Asso c. F unction

Gene,F unction) Genes

8702485 fatt y acid, OLE1 (F att y Acid, Sterol. Met.)

�

ELO1 fatt y , F AA4 F att y Acid/Lipids/Sterols/Mem branes

F att y Acid/ lipids, F AA3 F att y Acid/Lipids/Sterols/Mem branes

Lipids/ acid, SUR2 F att y Acid/Lipids/Sterols/Mem branes

Sterols/ gro wn, F AA1 F att y Acid/Lipids/Sterols/Mem branes

Mem branes medium, ER G2 F att y Acid/Lipids/Sterols/Mem branes

carb on, PSD1 F att y Acid/Lipids/Sterols/Mem branes

syn thase, CYB5 (F att y Acid, Sterol. Met.)

�

strains, PGM1 (Carb oh ydrates Met.)

�

de�cien t

7651133 hexose, HXT1 Nutrition

HXT7 glucose uptak e, R GT2 Nutrition

Nutrition glucose conc., HXT4 Nutrition

fructose, HXT2 Nutrition

glycolytic, GLK1 Nutrition

glucose, SEO1 (Small Molecules T ransp ort)

�

sugars, PRB1 (Protein Degradation)

�

uptak e, A GP1 Nutrition

aerobic, ZR T1 Nutrition

utilization MIG2 (Carb oh ydrates Met.)

�

T able 3 : Example of a result obtained from t w o di�eren t k ernel/gene using our algorithm, compared with function-

alit y according to Sp ellman or ypd ( ypd functionalit y denoted b y

�

).

for c hec king the v alidit y of our results. Since our ex-

p erimen t included more genes than listed in Sp ellman's

table, some of the genes in the third column are not

assigned functionalit y b y Sp ellman. F or these genes,

(denoted b y an

�

in the table), w e found the function-

alit y in YPD.

The table sho ws that except for t w o genes (PGM1 and

PRB1) all of the genes found for these t w o k ernels

ha v e a strong functional relationship to the genes rep-

resen ted b y the k ernels, and the k eyw ords pro vide a

strong indication of this functionalit y . (Note that the

k eyw ords are asso ciated as a set with the whole k ernel

en try and not separated as one k eyw ord p er asso ciated

gene.) W e note that PGM1 is in v olv ed in carb oh y-

drates metab olism whic h is still functionally related to

fatt y acids metab olism. PRB1 is resp onsible for pro-

tein degradation, whic h is not related to n utrition. It is

included in this set, since the abstract c hosen for its k er-

nel do cumen t discusses regulation of the enzyme prb1p

b y glucose, rather than the function of prb1p .

The results for ab out 100 out of the 220 k ernels for

whic h w e had the Sp ellman assigned functionalit y ,

closely resem ble the ones demonstrated in T able 3 in

the strong agreemen t with Sp ellman's cluster assign-

men t and in the accurate description as giv en b y the

k eyw ords learned b y the similarit y query algorithm.

As a quantitative measure, w e calculated the a v erage

n um b er of c orr e ct and inc orr e ct k eyw ords among the 5

top-ranking k eyw ords asso ciated with eac h of these k er-

nels. A k eyw ord o ccurring in a list for a sp eci�c gene

(k ernel), is considered c orr e ct if it app ears in our the-

saurus en try lab eled b y the same function as the one

assigned to the gene b y Sp ellman. If its thesaurus en-

try is lab eled b y a di�er ent function, it is considered

wr ong . If it w as assigned no function b y our panel of

exp erts it is considered non-descriptive . An a v erage of

3.27 out of the 5 top ranking k eyw ords, w ere asso ciated

with the c orr e ct function, while only 1.12 out of the 5

w ere asso ciated with the wrong function, and 0.61 out

of the 5 w ere non-descriptiv e. The di�erence b et w een

the high rate of correct k eyw ord assignmen t relativ e to

the wrong and the non-descriptiv e assignmen t is highly

statistically signi�can t ( p � 0 : 005, according to the

t w o-sample t -test).

F or man y other k ernels the groups of related genes con-

tain man y genes not assigned functionalit y b y Sp ell-

man, whic h mak es the results harder to v alidate. An-

other set of cases, in whic h our results deviate from

Sp ellman's functionalit y grouping of genes, are those

for whic h the k ernel do cumen t w as not primarily fo-

cused on the function of the gene but con tained a lot

of detail discussing the exp erimen tal metho ds. In suc h

cases, an y do cumen t describing the same exp erimen-

tal metho d w as considered similar and dra wn in to the

set of relev an t do cumen ts, resulting in a mixture of

biologically-unrelated do cumen ts. The terms included

in the k eyw ords list indicate p oten tial problems with

this grouping and pro vide a w arning that these results

should not b e tak en at face v alue. An example of suc h

a result is giv en in T able 4. In this case, the k ernel do c-

umen t fo cuses on the tec hnique used for studying the



Kernel (PMID, Keyw ords Asso c. F unction

Gene,F unction) Genes

6323245 ars, CDC10 Site Selection/Morphogenesis

MCM2,MCM3,MCM6 autonom. replicating, PHO3 Nutrition

Replication Init. replicating sequence, EST1 DNA Syn

autonomously , MIF2 Chromatin

minic hromosomes, PHO12 Nutrition

replicating POL2 DNA Syn.

cen tromeric DHS1 DNA repair

leu2, SNQ2 *

plasmids, SMC3 Chromat. Cohes.

ura3, EX G2 Cell W all Syn t.

T able 4 : Example of a result obtained from an uninformativ e k ernel using our algorithm, compared with functionalit y

according to Sp ellman.

MCM genes, rather than the explicit function of these

genes. Consequen tly , some of the k ernels considered

similar to it represen t the use of similar tec hniques for

studying di�eren t biological pro cesses, rather than the

biology of their asso ciated genes. The result is a set of

genes for whic h the commonalit y is that the do cumen ts

curated for them all discuss manipulations within c hro-

mosomes rather than gene function. The k eyw ord list

(whic h highly ranks terms suc h as autonomous r epli-

c ation and con tains leu2 and ur a3 that are commonly

used selectable mark ers for plasmids), indicates that the

theme underlying this set of do cumen ts and genes is not

relev an t to functional genomics.

Ob viously , obtaining go o d biological information (as

sho wn in T able 3) is m uc h preferable to an indication

of p o or qualit y , and for the most part this dep ends

on starting from go o d qualit y k ernel do cumen ts. The

excellen t exp erience with the 100 high-qualit y k ernel

do cumen ts demonstrates that once a single informativ e

do cumen t is giv en for a gene, man y other qualit y do cu-

men ts ab out the related genes are automatically found,

accompanied b y a succinct summary of the functional

relationship b et w een the genes.

Conclusions and Ongoing W ork

Automatically �nding connections among do cumen ts

discussing genes has three clear adv an tages:

1. It is an e�cien t w a y for establishing putativ e relation-

ships b et w een genes as a preliminary step preceding

direct exp erimen tal metho ds.

2. It pro vides the relev an t literature needed b y the re-

searc hers for p erforming the results analysis.

3. It generates a summary explaining the disco v ered re-

lationships. This summary can help researc hers ex-

plain and ev aluate the relationships found through

direct clustering of the expression lev els.

Th us, this metho d can b e used b oth for generating h y-

p otheses prior to the exp erimen ts, as w ell as for p ost-

exp erimen tal in terpretation of the results.

The results presen ted in this pap er demonstrate that

giv en a functionally descriptiv e k ernel do cumen t our

program can pro vide insigh t in to gene functional group-

ings, similar to that curren tly obtained through lab ori-

ous, man ual literature surv eys relying on a lot of h uman

exp ertise. Ob viously our metho d can not ascrib e func-

tion to genes whic h ha v e not y et b een studied. Ho w ev er,

it can indicate functional relationships among kno wn

genes whic h heretofore ha v e gone unnoticed.

The main limitation our tec hnique curren tly faces is

that of obtaining functionally descriptiv e k ernel do c-

umen ts. W e are considering sev eral mac hine-learning

tec hniques that can greatly assist in automating the

k ernel selection pro cess. The exp ectation is that suc h

k ernel selection w ould consisten tly lead to go o d results.

Our metho d complemen ts curren t tec hniques used for

cluster analysis of the expression arra y data. W e

strongly b eliev e that b y com bining this approac h with

tec hniques suc h as the one suggested b y F riedman

et . al . , as w ell as with expression arra y clustering ap-

proac hes, w e can ac hiev e a great deal of automation and

exp edite the tedious task of analyzing the o v erwhelming

amoun ts of data generated from exp erimen ts conducted

o v er gene expression arra ys.
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