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Abstract

The typical result of a microarray experiment is a list of tens or hundreds of genes
found to be di�eren tially regulated in the condition under study. Independently of
the methodsusedto selectthesegenes,the commontask facedby any researcher is to
translate theselists of genesinto a better understandingof the biological phenomena
involved. Currently , this is done through a tedious combination of searchesthrough
the literature and a number of public databases.WedevelopedOnto-Express(OE) as
a novel tool able to automatically translate such lists of di�eren tially regulatedgenes
into functional pro�les characterizing the impact of the condition studied. OE con-
structs functional pro�les (using GeneOntology terms) for the following categories:
biochemical function, biological process,cellular role, cellular component, molecu-
lar function and chromosomelocation. Statistical signi�cance valuesare calculated
for each category. We demonstrate the validit y and the utilit y of this comprehen-
sive global analysis of genefunction by analyzing two breast cancerdata sets from
two separatelaboratories. OE was able to identify correctly all biological processes
postulated by the original authors, as well as discover novel relevant mechanisms.
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1 In tro duction

Sporadic and familial breast cancer ac-
counts for one-third of cancerdiagnosesand
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15% of cancer deaths in U.S. women [1].
It is estimated that 205,000new caseswill
be diagnosedand 39,600deaths will occur
in 2002 making it the most common non-
cutaneouscancerand secondleading cause
of cancer death [2]. The clinical outcome
of sporadic breast cancer relies heavily on
histological evaluation of biopsied primary
and metastasizedtumours [3,4]. Informa-
tion concerning the expressionof a num-
ber of molecular markers such as estrogen-
and progesterone-receptor(ER, PgR), p53,
Ki67, Bcl-29 and HER2/neu [5,6], as well
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as the penetranceof BRCA1 and BRCA2
mutations in the family germline [7], can
provide a more conciseprognostic picture.
The trend of using marker expressionin-
formation has prompted a concertede�ort
to investigatethe diagnosticand prognostic
e�cacy of generalizedpatterns of geneex-
pressionin breast cancersusing microarray
technologies.This has lead to the charac-
terization of molecular signatures speci�c
to certain types of tumors [8{10] and cell
types within those tumors [11,12]. Just as
information on markers like ER and PgR
can add to a more accurate prognosis,ex-
amination of thousandsof establishedand
putativ e markers could provide the much
neededinformation, to speci�cally tailor a
patient's treatment regimen.

Various technologies such as cDNA and
oligonucleotide arrays are now available to
meet this challenge. Independently of the
platform and the analysismethodsused,the
result of a microarray experiment is a list
of di�eren tially expressedgenes.Most data
analysis methods available concentrate on
this aspect [13].However, a major challenge
is to translate these lists of di�eren tially
regulated genesinto a better understand-
ing of the underlying biological phenomena.
Currently, there are no tools available to
support the researcher in this arena. Many
a researcher parsessuch lists of genesmanu-
ally, using literature searchesand browsing
public databases,in an attempt to extract
the relevant biological processesand path-
ways. This is an extremely tedious and
error-proneprocessthat usually takesmany
months. Furthermore, even if this manual
processingcould be done in a systematic
and complete manner, we show that the
simple frequencyof a given biological pro-
cessamongthe di�eren tially regulatedgenes
may be misleading.

Onto-Express (OE) is a tool designed to
mine the available functional annotation
data and help the researcher �nd relevant

biological processes[14]. Many months of
tedious and inexact manual searches are
substituted by a few minutes of fully au-
tomated analysis. The result of this anal-
ysis is a functional pro�le of the condition
studied. In the latest version, this func-
tional pro�le is accompaniedby the com-
putation of signi�cance values for each
functional category. Such values allow the
user to distinguish between signi�cant
biological processesand random events.
OE's utilit y is demonstrated by analyz-
ing data from two recent breast cancer
studies. This tool is available on line at
http://v ortex.cs.wayne.edu/Projects.html.

2 Results and Discussion

OE's input is a list of genesspeci�ed by
either accession,A�ymetrix probe ID or
UniGene cluster ID. A functional category
can be assignedto a genebasedon speci�c
experimental evidenceor by theoretical in-
ference(e.g.similarit y with a protein having
a known function). OE showsexplicitly how
many genesin a categoryare supported by
experimental evidence (labelled with "ex-
perimented") and how many are inferred
("inferred"). Thosegenesfor which this in-
formation is not available are labelled as
"non-recorded". The resultsare provided in
graphicalform andemailedto the useron re-
quest.OE constructsa functional pro�le for
each of the GeneOntology (GO) categories
[15]: cellular component, biological process
and molecularfunction aswell asbiochemi-
cal function and cellular role, as de�ned by
Proteome [16]. As biological processescan
be regulatedwithin a local chromosomalre-
gion (e.g. imprinting), an additional pro�le
is constructedfor the chromosomelocation.

The following exampleillustrates OE's func-
tionalit y. Let us considerthat we are using
anarray containing 2000genesto investigate
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the e�ect of ingestinga certain substanceX.
Using classicalstatistical and data analysis
methods we decidethat 200 of thesegenes
are di�eren tially regulated by substanceX.
For each of these 200 genes,OE usesthe
availablepublic data containing information
about the biochemical function, biological
process,cellular role, cellular component,
molecular function and chromosomeloca-
tion. Let us focus on the biological process
for instance,and assumethat the results for
the 200di�eren tially regulatedgenesare as
follows: 160 of the 200 genesare involved
in mitosis, 80 in oncogenesis,60 in the pos-
itiv e control of cell proliferation and 40 in
glucosetransport. As demonstratedin [17],
theseresultsaretremendouslyusefulassuch
sincethey save the researcher the inordinate
amount of e�ort involved in going through
each of the 200 genes,compiling lists with
all biologicalprocesseseach geneis involved
in, and then cross-referencingall those bi-
ological processesto determine how many
genesare in each process.

If we now look at the functional pro�le de-
scribed above, we might concludethat sub-
stanceX may berelatedto cancersincemito-
sis,oncogenesisand cell proliferation would
all make sensein that context. However, a
reasonablequestion is: what would happen
if all the geneson the array usedwere part
of the mitotic pathway? Would mitosis con-
tinueto besigni�cant? Clearly, the answer is
no. Therefore,it is necessarythat the actual
numberof occurrencesbecomparedwith the
expectednumber of occurrencesfor each in-
dividual category.

This comparisonis shown in Table1 for the
example considered. Now, the functional
pro�le appears to be completely di�eren t.
There are indeed 160 mitotic genesbut, in
spite of this being the largest number, we
actually expectedto observe 160such genes
so this is not better than chancealone.The
same is true for oncogenesis.The positive
control of cell proliferation starts to beinter-

estingbecausewe expected20 and observed
60. This is 3 times more than expected.
However, the most interesting is the glucose
transport. We expected to observe only 10
such genesand we observed 40, which is 4
times more than expected.Taking into con-
sideration the expected numbers of genes
changedradically the interpretation of the
data. Now, wemay want to considerthe cor-
relation of X with diabetesinsteadof cancer.

The exampleabove has only an illustrativ e
purpose. In practice, several other factors
needto be considered.Firstly, several data
analysismethods have di�eren t error rates.
Thus,OE's input cancontain falsepositives
(genesreported asbeing di�eren tially regu-
lated whenthey arenot). Sincethe presence
and number of such falsepositivescan in
u-
encethe results, it is important to take this
into considerationwhen interpreting the re-
sults. Secondly, if a customarray is purpose-
fully enriched with a certain type of genes,
the signi�cance of those speci�c geneswill
appear to be arti�cially lower. This biologi-
cal bias hasto be alsotaken into considera-
tion wheninterpreting OE's results.Finally,
microarray data are typically obtained from
several repeatedexperiments. If a certain bi-
ologicalprocessis found to bea�ected in re-
peated,independent experiments, it is likely
that the processis indeedso, independently
of the numberof genesrepresenting that pro-
cesson the array.

In order to illustrate OE's capabilities, we
have applied it to a number of breastcancer
data sets.As it will be shown, our approach
has revealed several novel insights. A mi-
croarray strategy wasrecently usedto iden-
tify 231genes(from an initial set of 25,000)
that canbeusedasapredictor of clinical out-
comefor breastcancer[18].Usinga classical
approach basedon putativ e genefunctions
and known pathways, Van't Veeret.al. iden-
ti�ed several key mechanisms such as cell
cycle,cell invasion,metastasis,angiogenesis
and signal transduction asbeing implicated
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biological process genesfound genesexpected

mitosis 160 160 not better than chance

oncogenesis 80 80 not better than chance

positive control of cell proliferation 60 20 better than chance

glucosetransport 40 10 much better than chance
Table 1
The statistical signi�cance of the data mining results. The number of genesthat are involved in a
given biological processcan be misleading. Mitosis may appear to be the most important process
a�ected since160of the 200di�eren tially regulated genesare involved in mitosis. In fact, this is no
better than chancealone.

in casesof breast cancerwith poor progno-
sis. The 231 genesfound to be good pre-
dictors of poor prognosisweresubmitted to
OE using the initial pool of 25,000genesas
the referenceset. We concentrated on those
functional categoriessigni�cant at 5% (p <
0:05) and represented by two or more genes
(Fig. 1). Our approach wasvalidated by the
fact that the resultsincludedmostof the bio-
logicalprocessespostulatedto beassociated
with cancerincluding the positive control of
cell proliferation and anti-apoptosis. Onco-
genesis,cellcyclecontrol andcellgrowth and
maintenancearenot signi�cant at 5%but do
becomesigni�cant if the signi�cance thresh-
old is loweredto 10%(seeFig. 2).

OE also identi�ed a host of novel mech-
anisms. Protein phosphorylation was one
of these additional categoriessigni�cantly
correlated with poor prognostic outcome.
Apart from its involvement in a number of
mitogenic responsepathways, protein phos-
phorylation is a common regulatory tactic
employed in cell cycle progression.PCTK1
[19] and STK6 [20] are among the cell cy-
cle regulatory kinasesidenti�ed as corollar-
ies to prognostic outcome. Similarly, anti-
apoptotic factors,surivin [21,22]and BNIP3
[23], were identi�ed. Both mechanismsare
believed to be intimately linked and active
in regulating cell homeostasisand cell cycle
progression.

The seconddata set used to validate our

methods was focused around the link be-
tween BRCA1 mutations and tumor sup-
pressionin breast cancer.The expressionof
373geneswas found to be signi�cantly and
consistently altered by BRCA1 induction
[24]. We submitted this set to OE using the
genes represented on the HuGeneFL mi-
croarray (aka HU6800; A�ymetrix, Santa
Clara, CA) as the referenceset. This array
contains approximately 6800human ESTs.
We divided the genes into up-regulated
and down-regulated. The functional cate-
gories signi�cantly represented in the set
of up-regulated genes are stimulated by
BRCA1 over-expression(Fig. 3. Functional
categoriessigni�cantly represented in the
set of down-regulated genesare inhibited
by BRCA1 over-expression(Fig. 4). Once
again, our approach was validated by the
fact that the biologicalprocessesfound to be
signi�cantly a�ected included several pro-
cessesknown to be associated with cancer:
mitosis, cell cycle control, and the control
of the apoptotic programme.This analysis
also showed that BRCA1 had somewhatof
a homeostatice�ect on the cells,promoting
many cell survival and maintenance path-
ways (e.g. mRNA processing,splicing, pro-
tein modi�cation and folding). BRCA1 is
known to be involved in the cell cyclecheck-
point control (i.e. acting as a tumor sup-
pressor[25])andsigni�cantly downregulates
several genesthat normally promote transi-
tion through the cell cycle,including CDC2,
CDC25Band the c-Ha-ras1proto-oncogene.
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3 Metho ds

Several di�eren t statistical approaches can
be usedto calculatea p-value for each func-
tional categoryF. Let us considerthere are
N geneson the chip used.Any given geneis
either in categoryF or not. In other words,
the N genesareof twocategories:F andnon-
F (NF). The researcher usestheir choiceof
data analysismethods to selectwhich genes
areregulatedin their experiments. Let usas-
sumethat they picked a subsetof K genes.
We observe that x of theseK genesare F
and we want to �nd out what is the proba-
bilit y of this happening by chance.So, our
question is: given N genesof which M are
F and N � M are NF, we pick randomly K
genesand we ask what is the probability of
having exactly x genesof type F. Once we
pick a genefrom the chip, we cannot pick it
againsothis is clearly samplingwithout re-
placement.

The probability that a certain categoryoc-
cursx times just by chancein the list of dif-
ferentially regulated genesis appropriately
modelled by a hypergeometricdistribution
with parameters(N; M ; K ) [26]:

P(X = xjN; M ; K ) =

�
M
x

��
N � M
K � x

�

�
N
K

� (1)

Basedon this, the p-valueof having x genes
or fewer in F can be calculatedby summing
the probabilities of a randomlist of K genes
having 1; 2; : : : ; x genesof categoryF [27,26]:

p =
xX

i =0

�
M
i

��
N � M
K � i

�

�
N
K

� (2)

This corresponds to a one-sided test in
which small p-values correspond to under-
represented categories.The p-valuefor over-

represented categoriescan be calculatedas:

p = 1 �
xX

i =0

�
M
i

��
N � M
K � i

�

�
N
K

� (3)

when the sum is larger than 0.5.

The hypergeometric distribution is rather
di�cult to calculate when arrays such as
A�ymetrix HGU133A (22,283 genes) are
assayed. However, it is well known that the
hypergeometrictends to the binomial when
N is large. If a binomial is used,the proba-
bilit y of having x genesin F in a set of K
randomly picked genesis given by the clas-
sical formula of the binomial probability in
which the probability of extracting a gene
from F is estimatedby the ratio of F genes
present on the chip M =N :

P(X = xjK ; M =N ) =

 
K
x

! � M
N

� x �

1 �
M
N

� K � x

(4)

and the p-value can be calculatedas:

p = 1 �
x� 1X

i =0

 
K
i

! � M
N

� i �

1 �
M
N

� K � i

(5)

Alternativ e approaches include a � 2 (chi-
square)test for equality of proportions [28]
and Fisher's exact test [29]. For the pur-
poseof applying thesetests, the data canbe
organizedas shown in Table 2. The dot no-
tation for an index is usedto represent the
summation on that index. In this notation,
the number of geneson the chip is N = N :1,
the number of genesin functional category
F is M = n11, the number of genesselected
as di�eren tially regulated is K = N :2 and
the number of di�eren tially regulatedgenes
in F is x = n12. Using this notation, the chi-
squaretest involvescalculating the value of
the � 2 statistic:

� 2 =
N ::

�
jn11n22 � n12n21j � N ::

2

� 2

N1:N2:N :1N :2
(6)
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Geneson chip Di�eren tially regulated genes

having function F n11 n12 N1: =
P 2

j =1 n1j

not having F n21 n22 N2: =
P 2

j =1 n2j

N :1 =
P 2

i=1 ni 1 N :2 =
P 2

i=1 ni 2 N :: =
P

i;j nij

Table 2
The signi�cance of a particular functional category F can be calculated using a 2x2 contingency
table and a chi-square or Fisher's exact test for equality of proportions. The N geneson a chip
can be divided into genesthat are involved in the functional category of interest F (n11 = M ) and
genesthat are not involved in F (n21). The K genesfound to be di�eren tially regulated can alsobe
divided into genesinvolved (n21 = x) and not involved (n22) in F.

where N ::
2 in the numerator is a continuity

correctionterm that canbeomitted for large
samples[30]. The value thus calculatedcan
be compared with critical values obtained
from a � 2 distribution with df = (2 � 1) �
(2 � 1) = 1 degreesof freedom.

However, the � 2 test for equality of propor-
tion can not be usedfor small samples.The
rule of thumb is that all expected frequen-
cies:E ij = N i: �N :j

N ::
should be greater than or

equal to 5 for the test to provide valid con-
clusions.If this is not the case,Fisher's ex-
act test canbeused[28,31,32].Fisher'sexact
test considersthe row andcolumntotals N1:,
N2:, N :1, N :2 �xed andusesthe hypergeomet-
ric distribution to calculate the probability
of observingeach individual table combina-
tion asfollows:

P =
N1:! � N2:! � N :1! � N :2!

N ::! � n11! � n12! � n21! � n22!
(7)

Usingthis formula, onecancalculatea table
containing all the possiblecombinations of
n11n12n21n22. The p-value corresponding to
a particular occurrenceis calculated as the
sum of all probabilities in the table lower
than the observedprobability corresponding
to the observed combination [29].

Relatedwork by Audic and Claverieon EST
data [33] useda Poissondistribution and a
Bayesian approach to calculate the proba-
bilit y of observinga given number of tags.
This can also be used as an alternative to

our proposedapproach using the combina-
tion � square- binomial - Fisher'sexacttest.
However, extensive simulations performed
by Man et.al. showed that the chi-square
test hasthe best power and robustness[29].
Accordingly, Audic and Claverie's test was
not implemented.

OE providesimplementations of the � 2 test,
Fisher's exact test as well as the binomial
test. For a typical microarray experiment
when the number of genes on the chip
N ' 10; 000 and the number of selected
genesis K ' 100 = 1%N , the binomial
approximates well the hypergeometricand
therefore, the hypergeometricwas not im-
plemented. Fisher's exact test is required
when the samplesize is small and the chi-
square test cannot be used. The user can
select between the binomial and the � 2

test. If � 2 is chosen,the program automat-
ically calculates the expected values and
usesFisher's exact test when � 2 becomes
unreliable (expectedvalueslessthan 5).

The exact biological meaning of the calcu-
lated p-valuesdependson the list of genes
submitted as input. For example,if the list
contains genesthat are up-regulated and
mitosis appears more often than expected,
the conclusionmight be that the condition
under study stimulates mitosis (or more
generally, cell proliferation) in a signi�cant
way. If the list contains genesthat aredown-
regulated and mitosis appears more often
than expected, exactly as before, the con-

6



clusion might be that the condition signif-
icantly inhibits mitosis. This can be aided
by calculating the enrichment of various
clustersin hierarchical cluster analysis[34].

In many experiments thereareseveral probe
setsthat are 
agged asabsent on the array.
A researcher may wish to excludesuch genes
from the analysis. If a referencechip is se-
lected,all geneson the chip will be included
in the analysis.If the userdesiresto exclude
such genesfrom analysis,they canpreparea
list of present genesand useit as the refer-
ence.This will adjust the probabilities cor-
respondingly.

A correction for multiple experiments may
be usefulsincerepeatedtests are conducted
to determinethe signi�cance of a given GO
term. We are currently working on imple-
mentations of several correctionsfor multi-
ple experiments including Holm, Bonferroni
and bootstrapping.

In contrast to the approach of looking for
key genesof known speci�c pathways or
mechanisms,global functional pro�ling can
reveal novel biologicalmechanisms.We pre-
sented a method for constructing such pro-
�les basedon public data and GO categories
and terms. The method alsoprovides infor-
mation about the statistical signi�cance of
each of the pathways and categoriesused
in the pro�les. We validated our approach
by analyzing two public cancer data sets.
In both cases,the biological processesre-
ported as signi�cantly impacted included
well known cancer related processes,thus
con�rming the validit y of the technique.
Furthermore, our analysis revealed several
novel insights into the mechanismsof breast
cancer.Onto-Expressis available on-line at
http://v ortex.cs.wayne.edu/Projects.html.
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Fig. 1. Signi�cant correlations were observed between the expressionlevel and poor breast cancer
outcome for 231 genes[18]. This subsetof geneswas processedby Onto-Express to categorizethe
genesinto functional groups as follows: BF= biochemical function, BP - biological process,CC -
cellular component, MF - molecular function. The �gure shows the 30 di�eren t functional groups
associated with poor diseaseoutcome in a signi�cant way (p < 0:05 in left column). Red bar
graphs represent genesfor which the function was inferred, blue graphs represent genesfor which
the function was proved experimentally and green graphs represent genesfor which this type of
information was not recordedin the sourcedatabase.

Fig. 2. Someinteresting biological processesthat are not signi�cant at the 5% signi�cance level.
Note that processescommonly associated with cancersuch as: cell proliferation, cell cycle control
and oncogenesisare signi�cant at 10% signi�cance level. Furthermore, the statistical analysis for
apoptosis, cell growth and maintenance,etc. should be interpreted cautiously sincethey are repre-
sented by a single gene.Red bar graphs represent genesfor which the function was inferred, blue
graphsrepresent genesfor which the function wasprovedexperimentally and greengraphsrepresent
genesfor which this type of information was not recordedin the sourcedatabase.
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Fig. 3. Functional categoriessigni�cantly (p < 0:05) stimulated by BRCA1 overexpressionin breast
cancer [24]: BF= biochemical function, BP - biological process,CC - cellular component, CR -
cellular role, MF - molecular function. Red bar graphs represent genesfor which the function was
inferred, blue graphs represent genesfor which the function was proved experimentally and green
graphs represent genesfor which this type of information was not recordedin the sourcedatabase.
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Fig. 4. Functional categoriessigni�cantly (p < 0:05) inhibited by BRCA1 overexpressionin breast
cancer [24]: BF= biochemical function, BP - biological process,CC - cellular component, CR -
cellular role, MF - molecular function. Red bar graphs represent genesfor which the function was
inferred, blue graphs represent genesfor which the function was proved experimentally and green
graphs represent genesfor which this type of information was not recordedin the sourcedatabase.
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