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Abstract

The typical result of a microarray experiment is alist of tens or hundreds of genes found to be differentially regulated in the condition
under study. Independent of the methods used to select these genes, the common task faced by any researcher is to translate these lists of
genes into a better understanding of the biological phenomena involved. Currently, this is done through a tedious combination of searches
through the literature and a number of public databases. We developed Onto-Express (OE) as a novel tool able to automatically trandate
such lists of differentially regulated genes into functional profiles characterizing the impact of the condition studied. OE constructs
functional profiles (using Gene Ontology terms) for the following categories: biochemical function, biological process, cellular role, cellular
component, molecular function, and chromosome location. Statistical significance values are calculated for each category. We demonstrate
the validity and the utility of this comprehensive global analysis of gene function by analyzing two breast cancer datasets from two separate
laboratories. OE was able to identify correctly all biological processes postulated by the original authors, as well as discover novel relevant

mechanisms.
© 2003 Elsevier Science (USA). All rights reserved.
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Introduction

Sporadic and familial breast cancer accounts for one-
third of cancer diagnoses and 15% of cancer deaths among
U.S. women [1]. It is estimated that 205,000 new cases will
be diagnosed and 39,600 deaths will occur in 2002, making
it the most common noncutaneous cancer and second lead-
ing cause of cancer death [2]. The clinical outcome of
sporadic breast cancer relies heavily on histological evalu-
ation of biopsied primary and metastasized tumors [3,4].
Information concerning the expression of a number of mo-
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lecular markers such as estrogen and progesterone receptor
(ER, PgR), p53, Ki67, Bcl-29, and HER2/neu [5,6], as well
as the penetrance of BRCA1 and BRCA2 mutations in the
family germ line [7], can provide a more concise prognostic
picture. The trend of using marker expression information
has prompted a concerted effort to investigate the diagnostic
and prognostic efficacy of generalized patterns of gene
expression in breast cancers using microarray technologies.
This has led to the characterization of molecular signatures
specific 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,
examination of thousands of established and putative mark-
ers could provide the much needed information to tailor
specifically a patient’s trestment regimen.

Various technol ogies such as cDNA and oligonucleotide
arrays are now available to meet this challenge. Independent
of the platform and the analysis methods used, the result of
amicroarray experiment is alist of differentialy expressed
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genes. Most data analysis methods available concentrate on
this aspect [13]. However, a major challenge is to translate
these lists of differentially regulated genes into a better
understanding of the underlying biological phenomena.
Currently, there are no tools available to support the re-
searcher in this arena. Many aresearcher parses such lists of
genes manually, using literature searches and browsing pub-
lic databases, in an attempt to extract the relevant biological
processes and pathways. This is an extremely tedious and
error-prone process that usually takes many months. Fur-
thermore, even if this manual processing could be donein a
systematic and complete manner, we show that the simple
frequency of a given biological process among the differ-
entially regulated genes may be misleading.

Onto-Express (OE) is atool designed to mine the avail-
able functional annotation data and help the researcher find
relevant biological processes [14]. Many months of tedious
and inexact manual searches are substituted by a few min-
utes of fully automated analyses. The result of these anal-
yses is a functional profile of the condition studied. In the
latest version, this functional profile is accompanied by the
computation of significance values for each functional cat-
egory. Such values alow the user to distinguish between
significant biological processes and random events. OE’'s
utility is demonstrated by analyzing data from two recent
breast cancer studies. This tool is available online at http://
vortex.cs.wayne.edu/Projects.html.

Results and discussion

OFE'sinput isalist of genes specified by either accession
number, Affymetrix probe ID, or UniGene cluster ID. A
functional category can be assigned to a gene based on
specific experimental evidence or by theoretical inference
(e.g., similarity with a protein having a known function).
OE shows explicitly how many genes in a category are
supported by experimental evidence (labeled “experi-
mented”) and how many are inferred (“inferred”). Those
genes for which this information is not available are labeled
“non-recorded.” The results are provided in graphical form
and e-mailed to the user on request. OE constructs a func-
tional profilefor each of the Gene Ontology (GO) categories
[15]: cellular component, biological process, and molecular
function aswell as biochemical function and cellular role, as
defined by Proteome [16]. As biological processes can be
regulated within alocal chromosomal region (e.g., imprint-
ing), an additional profile is constructed for the chromo-
some location.

Thefollowing exampleillustrates OE’ sfunctionality. L et
us consider that we are using an array containing 2000
genes to investigate the effect of ingesting a certain sub-
stance X. Using classical statistical and data analysis meth-
ods we decide that 200 of these genes are differentialy
regulated by substance X. For each of these 200 genes, OE

Table 1
The statistical significance of the data mining results

Genes Genes
found  expected

Biological process

Mitosis 160 160 Not better than chance

Oncogenesis 80 80 Not better than chance

Positive control of cell 60 20 Better than chance
proliferation

Glucose transport 40 10 Much better than chance

Note. The number of genes that are involved in a given biological
process can be misleading. Mitosis may appear to be the most important
process affected since 160 of the 200 differentially regulated genes are
involved in mitosis. In fact, this is no better than chance alone.

uses the available public data containing information about
the biochemical function, biological process, cellular role,
cellular component, molecular function, and chromosome
location. Let usfocus on the biological process, and assume
that the results for the 200 differentially regulated genes are
as follows: 160 of the 200 genes are involved in mitosis, 80
in oncogenesis, 60 in the positive control of cell prolifera-
tion, and 40 in glucose transport. As demonstrated in [17],
these results are tremendously useful as such, since they
save the researcher the inordinate amount of effort involved
in going through each of the 200 genes, compiling lists with
all biological processes each gene is involved in, and then
cross-referencing all those biological processesto determine
how many genes are in each process.

If we now look at the functional profile described above,
we might conclude that substance X may be related to
cancer since mitosis, oncogenesis, and cell proliferation
would all make sensein that context. However, areasonable
question is: what would happen if all the genes on the array
used were part of the mitotic pathway? Would mitosis
continue to be significant? Clearly, the answer is no. There-
fore, it is necessary to compare the actual number of occur-
rences with the expected number of occurrences for each
individual category.

This comparison is shown in Table 1 for the example
considered. Now, the functional profile appears to be com-
pletely different. There are indeed 160 mitotic genes but,
despite this being the largest number, we actually expected
to observe 160 such genes so this is not better than chance
alone. The same is true for oncogenesis. The positive con-
trol of cell proliferation starts to be interesting because we
expected 20 and observed 60. This is three times more than
expected. However, the most interesting is the glucose
transport. We expected to observe only 10 such genes and
we observed 40, which is four times more than expected.
Considering the expected numbers of genes changed radi-
caly the interpretation of the data. Now, we may want to
consider the correlation of X with diabetes instead of can-
cer.

The example above serves only an illustrative purpose.
In practice, several other factors need to be considered.
First, severa data analysis methods have different error
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Fig. 1. Significant correlations were observed between the expression level and poor breast cancer outcome for 231 genes [18]. This subset of genes was
processed by Onto-Express to categorize the genes into functional groups as follows: BF, biochemical function; BP, biological process, CC, cellular
component; M F, molecular function. The 30 different functional groups associated with poor disease outcome in a significant way (p < 0.05 in left column)
are shown. Red bar graphs represent genes for which the function was inferred, blue graphs represent genes for which the function was proved experimentally,
and green graphs represent genes for which this type of information was not recorded in the source database.

rates. Thus, OE’s input can contain false positives (genes
reported as being differentialy regulated when they are
not). Since the presence and number of such false positives
can influence the results, it is important to take this into
consideration when interpreting the results. Second, if a
custom array is purposefully enriched with a certain type of
genes, the significance of those specific genes will appear to
be artificially lower. This biological bias has to be consid-
ered when interpreting OFE’s results. Finally, microarray
data are typically obtained from several repeated experi-
ments. If a certain biological processis found to be affected
in repeated, independent experiments, it is likely that the
process is indeed so, independent of the number of genes
representing that process on the array.

To illustrate OE’s capahilities, we have applied it to a
number of breast cancer datasets. As will be shown, our
approach has revealed several novel insights. A microarray
strategy was recently used to identify 231 genes (from an
initial set of 25,000) that can be used as a predictor of
clinical outcome for breast cancer [18]. Using a classical
approach based on putative gene functions and known path-
ways, Van't Veer et a. identified several key mechanisms
such as cell cycle, cell invasion, metastasis, angiogenesis,
and signal transduction as being implicated in cases of
breast cancer with poor prognosis. The 231 genes found to
be good predictors of poor prognosis were submitted to OE
using the initial pool of 25,000 genes as the reference set.
We concentrated on those functional categories significant
a 5% (p < 0.05) and represented by two or more genes
(Fig. 1). Our approach was validated by the fact that the
results included most of the biological processes postulated
to be associated with cancer including the positive control

of cell proliferation and antiapoptosis. Oncogenesis, cell
cycle control, and cell growth and maintenance are not
significant at 5% but do become significant if the threshold
is lowered to 10% (see Fig. 2).

OE also identified a host of novel mechanisms. Protein
phosphorylation was one of these additional categories sig-
nificantly correlated with poor prognostic outcome. Apart
from its involvement in a number of mitogenic response
pathways, protein phosphorylation is a common regulatory
tactic employed in cell cycle progression. PCTK1 [19] and
STK6 [20] are among the cell cycle regulatory kinases
identified as corollaries to prognostic outcome. Similarly,
antiapoptotic factors surivin [21,22] and BNIP3 [23] were
identified. Both mechanisms are believed to be intimately
linked and active in regulating cell homeostasis and cell
cycle progression.
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Fig. 2. Some interesting biological processes that are not significant at the
5% significance level. Note that processes commonly associated with
cancer such as cell proliferation, cell cycle control, and oncogenesis are
significant at the 10% significance level. Furthermore, the statistical anal-
ysisfor apoptosis, cell growth, and maintenance, etc., should be interpreted
cautiously since they are represented by a single gene. Red bar graphs
represent genes for which the function was inferred, blue graphs represent
genes for which the function was proved experimentally, and green graphs

represent genes for which this type of information was not recorded in the
source database.
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Fig. 3. Functional categories significantly (p < 0.05) stimulated by BRCA1 overexpression in breast cancer [24]: BF, biochemical function; BP, biological
process; CC, cellular component; CR, cellular role; MF, molecular function. Red bar graphs represent genes for which the function was inferred, blue graphs
represent genes for which the function was proved experimentally, and green graphs represent genes for which this type of information was not recorded in

the source database.

The second dataset used to validate our methods focused
around the link between BRCA 1 mutations and tumor sup-
pression in breast cancer. The expression of 373 genes was
found to be significantly and consistently altered by BRCA1
induction [24]. We submitted this set to OE using the genes
represented on the HuGeneFL microarray (aka HUG800;
Affymetrix, Santa Clara, CA, USA) as the reference set.
This array contains approximately 6800 human ESTs. We
divided the genes into up-regulated and down-regulated.
The functional categories significantly represented in the set
of up-regulated genes are stimulated by BRCA1 overex-
pression (Fig. 3). Functional categories significantly repre-
sented in the set of down-regulated genes are inhibited by
BRCA1 overexpression (Fig. 4). Once again, our approach
was validated by the fact that the biological processes found
to be significantly affected included several processes
known to be associated with cancer: mitosis, cell cycle

control, and the control of the apoptotic program. This
analysis also showed that BRCA1 had somewhat of a ho-
meostetic effect on the cells, promoting many cell survival
and maintenance pathways (e.g., mMRNA processing, splic-
ing, protein modification, and folding). BRCA1 is known to
be involved in cell cycle checkpoint control (i.e., acting as
a tumor suppressor [25]) and significantly down-regulates
several genes that normally promote transition through the
cell cycle, including CDC2, CDC25B, and the c-Harasl
proto-oncogene.

M ethods
Severa different statistical approaches can be used to

caculate a p value for each functional category F. Let us
consider there are N genes on the microarray used. Any
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Fig. 4. Functional categories significantly (p < 0.05) inhibited by BRCA1 overexpression in breast cancer [24]: BF, biochemical function; BP, biological
process; CC, cellular component; CR, cellular role; MF, molecular function. Red bar graphs represent genes for which the function was inferred, blue graphs
represent genes for which the function was proved experimentally, and green graphs represent genes for which this type of information was not recorded in

the source database.

given geneiseither in category F or not. In other words, the
N genes are of two categories: F and non-F (NF). The
researcher uses his or her choice of data analysis methods to
select which genes are regulated in his or her experiments.
Let us assume that they picked a subset of K genes. We
observe that x of these K genes are F and we want to find out
what is the probability of this happening by chance. So, our
question is: given N genes of whichM areFand N — M are
NF, we pick randomly K genes and we ask what is the
probability of having exactly x genes of type F. Once we
pick a gene from the array, we cannot pick it again so this
is clearly sampling without replacement.

The probability that a certain category occurs x times just
by chance in the list of differentialy regulated genes is
appropriately modeled by a hypergeometric distribution
with parameters (N, M, K) [26]:

MY/N—M
(o) =x)
Ny @)
(k)
Based on this, the p value of having x genes or fewer in
F can be calculated by summing the probabilities of a

random list of K geneshaving 1, 2, . . ., X genes of category
F [27,26]:

P(X = x|N, M, K) =

— @
=

This corresponds to a one-sided test in which small p
values correspond to underrepresented categories. The p
value for overrepresented categories can be calculated as

g0y
TR

when the sum is larger than 0.5.

The hypergeometric distribution is rather difficult to cal-
culate when arrays such as Affymetrix HGU133A (22,283
genes) are assayed. However, it is well known that the
hypergeometric tends to the binomial when N is large. If a
binomial is used, the probability of having x genesin F in
a set of K randomly picked genes is given by the classical
formula of the binomial probability in which the probability
of extracting a gene from F is estimated by the ratio of F
genes present on the chip M/N,

K M) * M K—=x
P(X — x|K, M/N)=<X><N)(1—N> 4

and the p-value can be calculated as

S I R

i=0

Alternative approaches include a 2 test for equality of
proportions [28] and Fisher's Exact test [29]. For the pur-
pose of applying these tests, the data can be organized as
shown in Table 2. The dot notation for an index is used to
represent the summation on that index. In this notation, the
number of geneson thechipisN = N ;, the number of genes
in functiona category F is M = n,;, the number of genes
selected as differentially regulated is K = N, and the
number of differentialy regulated genes in F is X = ny,.
Using this notation, the x? test involves calculating the
value of the x? statistic,
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Table 2
Genes on chip  Differentialy
regulated genes
Having function F ny; Ny N, =32, ny
Not having F (1 Ny N, = 37, ny
N,=32,n; N,=32,n, N = Ny

Note. The significance of a particular functional category F can be
calculated using a2 X 2 contingency table and a x? or Fisher's Exact test
for equality of proportions. The N genes on a chip can be divided into genes
that are involved in the functional category of interest F (n,; = M) and
genes that are not involved in F (n,,). The K genes found to be differen-
tially regulated can also be divided into genes involved (n,, = x) and not
involved (n,,) in F.

N 2
N..<|n11n22 — NpNy| — ?)
2

X = N, N, NN ©

where N /2 in the numerator is a continuity correction term
that can be omitted for large samples [30]. The value thus
calculated can be compared with critica values obtained
from a y? distribution withdf = (2 — 1) - (2 — 1) = 1.

However, the x? test for equality of proportion cannot be
used for small samples. The rule of thumb is that all ex-
pected frequencies E;; = (N; N ;/N ) should be greater than
or equal to 5 for the test to provide valid conclusions. If this
is not the case, Fisher's Exact test can be used [28,31,32].
Fisher’'s Exact test considers the row and column totals N, ,
N,, N, N, fixed and uses the hypergeometric distribution
to calculate the probability of observing each individual
table combination as follows:

Nl.! : N2I " Nll " Nz'

pP=
NI " nu! " n12! " I’121! * n22!

)

Using this formula, one can calculate a table containing
all the possible combinations of n,;n;,n,,N,,. The p value
corresponding to a particular occurrence is calculated as the
sum of all probabilities in the table lower than the observed
probability corresponding to the observed combination [29].

Related work by Audic and Claverie on EST data [33]
used a Poisson distribution and a Bayesian approach to
calculate the probability of observing a given number of
tags. This can also be used as an alternative to our proposed
approach using the combination x*—binomia—Fisher’'s Ex-
act test. However, extensive simulations performed by Man
et al. showed that the y? test has the best power and robust-
ness [29]. Accordingly, Audic and Claverie's test was not
implemented.

OE provides implementations of the x? test, Fisher's
Exact test, and the binomial test. For a typical microarray
experiment when the number of genes on the chip N =
10,000 and the number of selected genes is K = 100 =
1%N, the binomial approximates well the hypergeometric,
and therefore, the hypergeometric was not implemented.
Fisher’'s Exact test is required when the sample sizeis small
and the x? test cannot be used. The user can select between

the binomial and the x? test. If x? is chosen, the program
automatically calculates the expected values and uses Fish-
er’ s Exact test when x? becomes unreliable (expected values
less than 5).

The exact biological meaning of the calculated p values
depends on the list of genes submitted as input. For exam-
ple, if the list contains genes that are up-regulated and
mitosis appears more often than expected, the conclusion
might be that the condition under study stimulates mitosis
(or more generally, cell proliferation) in asignificant way. If
the list contains genes that are down-regulated and mitosis
appears more often than expected, exactly as before, the
conclusion might be that the condition significantly inhibits
mitosis. This can be aided by calculating the enrichment of
various clusters in hierarchical cluster analysis [34].

In many experiments there are several probe sets that are
flagged as absent on the array. A researcher may wish to
exclude such genes from the analysis. If areference chip is
selected, al genes on the chip will be included in the
analysis. If the user desires to exclude such genes from
analysis, they can prepare alist of present genes and use it
as the reference. This will adjust the probabilities corre-
spondingly.

A correction for multiple experiments may be useful
since repeated tests are conducted to determine the signifi-
cance of a given GO term. We are currently working on
implementations of several corrections for multiple experi-
ments including Holm, Bonferroni, and bootstrapping.

Conclusions

In contrast to the approach of looking for key genes of
known specific pathways or mechanisms, global functional
profiling can reveal novel biological mechanisms. We pre-
sented a method for constructing profiles based on public
data and GO categories and terms. The method also pro-
vides information about the statistical significance of each
of the pathways and categories used in the profiles. We
validated our approach by analyzing two public cancer
datasets. In both cases, the biological processes reported as
significantly impacted included well-known cancer-related
processes, thus confirming the validity of the technique.
Furthermore, our analysis revealed several novel insights
into the mechanisms of breast cancer. Onto-Expressis avail-
able online at http://vortex.cs.wayne.edu/Projects.html.
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