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ABSTRACT

Microarrays are at the center of a revolution in biotechnology, allowing
researchers to screen tens of thousands of genes simultaneously. Typically, they
have been used in exploratory research to help formulate hypotheses. In most
cases, this phase is followed by a more focused, hypothesis-driven stage in
which certain specific biological processes and pathways are thought to be
involved. Since a single biological process can still involve hundreds of genes,
microarrays are still the preferred approach as proven by the availability of
Jfocused arrays from several manufacturers. Because focused arrays from dif-
ferent manufacturers use different sets of genes, each array will represent any
given regulatory pathway to a different extent. We argue that a functional
analysis of the arrays available should be the most important criterion used
in the array selection. We developed Onto-Compare as a database that can
provide this functionality, based on the Gene Ontology Consortium nomen-
clature. We used this tool to compare several arrays focused on apoptosis,
oncogenes, and tumor suppressors. We considered arrays from BD Bio-
sciences Clontech, PerkinElmer, Sigma-Genosys, and SuperArray. We
showed that among the oncogene arrays, the PerkinElmer MICROMAX™
Oncogene Microarray has a better representation of oncogenesis, protein
phosphorylation, and negative control of cell proliferation. The comparison
of the apoptosis arrays showed that most apoptosis-related biological process-
es are equally well represented on the arrays considered. However, function-
al categories such as immune response, cell-cell signaling, cell-surface recep-
tor linked signal transduction, and interleukins are better represented on the
Sigma-Genosys Panorama™ human apoptosis array. At the same time,
processes such as cell cycle control, oncogenesis, and negative control of cell
proliferation are better represented on the BD Biosciences Clontech Atlas
Select™ human apoptosis array.

INTRODUCTION

Microarrays have been introduced as powerful tools that can
efficiently screen a large number of genes. The typical result of a
microarray experiment is a number of gene expression profiles,
which in turn are used to generate hypotheses and locate effects
on many, perhaps unrelated, pathways. This is a typical hypoth-
esis-generating experiment. For this purpose, it is best to use
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comprehensive microarrays that represent as many genes of an
organism as possible. Currently, such arrays include tens of
thousands of genes. For example, the HG-U133 Set from
Affymetrix (Santa Clara, CA, USA) contains 44 928 probes that
represent 42 676 unique sequences from GenBank® database
corresponding to 28 036 UniGene clusters.

Typically, after conducting a microarray experiment, one
would select a small number of genes (e.g., 10-50) that are
found to be differentially expressed. These genes are analyzed
from a functional point of view, either going through online
databases manually or by using an automated data mining tool
such as Onto-Express (1,2). This step identifies the biological
processes, molecular functions, biochemical functions, and
pathways impacted in the condition under study and generates
specific hypotheses involving them. In many cases, only a small
number of pathways are identified, and the next logical step is
to focus on these specific pathways.

In many cases, it is desirable to construct a molecular classifi-
er that can diagnose or classify samples into different categories
based on their gene expression profiles (3-9). This involves a
training process that suffers from a “curse of dimensionality”
(10), which refers to the fact that the difficulty of building such
a classifier increases exponentially with the dimensionality of the
problem (i.e., the number of genes involved). Furthermore, con-
structing a classifier requires many more training examples
(samples or patients) than variables (genes). Both issues strongly
suggest that the number of genes used to build the classifier has
to be reduced to a minimum. In other words, it is best if the set
of genes is restricted to strictly relevant genes.

Therefore, focusing on a smaller number of genes is both the
logical step that follows the initial screening experiment that
generated the hypotheses as well as a required step if molecular
classifiers are to be constructed. Unlike the first step of an ex-
ploratory search in which the hypotheses are generated, the sec-
ond steps should be a “hypothesis-driven experiment” in which
directed experiments are performed to test a small number of
very specific hypotheses. However, specific hypotheses and a
small number of pathways may still involve hundreds of genes.
This is still too many for reverse transcription PCRs, Western



blotting, or other gene-specific techniques, so the microarray
technology is still the preferred approach.

Many commercial microarray manufacturers have realized
the need for and have started to offer focused arrays. For in-
stance, BD Biosciences Clontech (San Jose, CA, USA) currently
sells focused human microarrays for the investigation of the car-
diovascular system, cell cycle, cell interaction, cytokines/recep-
tors, hematology, neurobiology, oncogenes, stress, toxicology,
and tumors. Many other companies have followed the same
trend and offered focused arrays (e.g., PerkinElmer [Boston,
MA, USA], Takara Bio [Shiga, Japan], SuperArray [Frederick,
MD, USA], and Sigma-Genosys [The Woodlands, TX, USA]).
Literally tens of focused arrays are available on the market with
several companies offering customized arrays for the same path-
ways. Typically, a focused array includes a few hundred genes
covering the biological mechanism(s) of choice. However, two
microarrays produced by different companies are extremely un-
likely to use the same set of genes. Consequently, various path-
ways will be represented to various degrees on different arrays
even if the arrays are all designed to investigate the same biolog-
ical mechanisms. This is an unavoidable functional bias. Such a
bias will be associated with each and all arrays that include less
than the full genome of a given organism.

The general criteria used to select an array include several cat-
egories. One category is the availability of a particular array. For
instance, one laboratory or core facility may have certain arrays
readily available because they have been purchased in a larger lot,
or because they remained from previous experiments. Another
important criterion is cost. Even if the cost of the array itself is a
relatively small component of the overall cost of the experiment,
smaller arrays do tend to cost less, and
spending more money for a larger array is

The interplay of these factors eventually decides the choice of
the array when, in fact, the choice of the array should be made
primarily based on the scientific question at hand. If array A
contains 10 000 genes but only 80 are related to a given pathway
and array B contains only 400 genes but 200 of them are related
to the pathway of interest, the experiment may provide more in-
formation if performed with array B instead of A. Furthermore,
using a smaller array can also translate into significant cost sav-
ings. Since an array can contain thousands of probes and a typi-
cal user would compare several arrays at once, annotating the
probes and comparing the arrays becomes a daunting computa-
tional task. We built a tool, Onto-Compare, that allows a re-
searcher to perform this task in a fast and convenient way using
terms from the Gene Ontology (GO) Consortium (11,12).

MATERIALS AND METHODS

To assess the biological bias of various arrays, we designed
and implemented a custom database. This Onto-Compare data-
base was populated with data collected from several online data-
bases, as well as lists of genes (GenBank accession numbers) for
each microarray as provided by their manufacturers. From the
list of accession numbers, a list of unique UniGene cluster iden-
tifiers is prepared for each microarray, and then a list of Lo-
cusLink identifiers is created for each microarray in our data-
base. UniGene is a system for automatically partitioning
GenBank mRNA sequences and expressed sequence tags
(ESTs), into a nonredundant set of gene-oriented clusters with
identical 3’ untranslated regions (3" UTRs) (13). LocusLink

usually expected to be associated with a
benefit. Another set of factors influencing
the choice of the array is related to tech-
nological preferences. For instance, a re-
searcher might prefer cDNA to oligonu-
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cleotide arrays, filters to glass, and so on.

Finally, the choice might be influenced by
data analysis issues. For instance, certain
normalization techniques, such as divid- M
ing by the mean of all genes on a given ar- r

ray, assume that most genes do not
change. This is probably true for an array
containing thousands of genes but may
not be true for a smaller array. Further-
more, the data analysis may be easier and
more reliable if fewer genes are present on
the array. Considerably fewer genes means
fewer difficulties related to correction for
multiple experiments in statistical hy-
pothesis testing, much less computation
in model fitting (e.g., expectation maxi-
mization approaches), less of a curse of di-
mensionality in the construction of a clas-
sifier for diagnosis purposes and in general
a better ratio between number of dimen-
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Figure 1. The input screen of Onto-Compare. The arrays are organized by manufacturer and organism. The
user can select any number of arrays to be compared.
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(14) is a database of official gene names and other gene identi-
fiers. Each locus in the LocusLink database is annotated using
ontologies from the GO Consortium (15) and ontologies from
other researchers and companies. The GO Consortium provides
ontologies for biological processes, molecular function, and cel-
lular components. The data from these databases and gene lists
are parsed and entered into our Onto-Compare relational data-
base. The Onto-Compare database is implemented in Oracle®
using a schema designed to allow for efficient querying. A group
of Java programs and Perl routines are used to download, parse,
and enter the data into the Onto-Compare database as well as to
update the database on a regular basis (currently done every two
months) with minimal human intervention.

After creating a list of locus identifiers for each array, the list is
used to generate the following profiles: biochemical functions, bi-
ological process, cellular role, cellular component, and molecular
function. The profiles for each microarray are stored in the data-
base. The list of genes deposited on a microarray is static, but the
annotations for those genes keep changing and are updated auto-
matically, as more information becomes available. A Java program
is used to facilitate the update of the database, which recreates
these profiles as more information becomes available.

An array can contain thousands of probes and a typical user
would compare several arrays at once, so annotating the probes
becomes a daunting computational task. For this reason, we
precalculate the functional annotations for each array and store

the results in the database. Thus, this very time-consuming
computation is only done after database updates. During user
interaction, the data is merely queried from the database. How-
ever, a researcher might choose to use a set of arrays (e.g., the
Affymetrix HG-U133 is actually a set of two arrays). To accom-
modate this, we allow the user to merge arrays and calculate
functional profiles of the sets of arrays. Since a user can merge
an arbitrary number of arrays, we cannot realistically precalcu-
late the functional annotation for every possible union of arrays.
Thus, this computation is done every time a user merges arrays.

Onto-Compare runs as a Java® applet in a Web browser on a
user computer. The input screen is shown in Figure 1. The re-
sults are presented as a table, in which the first column displays
an ontology term and the rest of the columns corresponds to
one of the arrays from the set of selected arrays (see Figure 2).
The first row of the table represents the total number of unique
GenBank sequences represented on each of the selected arrays.
For each ontology term, Onto-Compare displays the total num-
ber of unique GenBank sequences found on each of the selected
array. Onto-Compare also displays the total number of unique
UniGene clusters found on each of the selected arrays for each
ontology term in square brackets. Clicking an array name sorts
the entire table by the total number of sequences for that array.
Clicking on a value for total number of sequences, displays ac-
cession numbers of the sequences, their corresponding cluster
ID and locus ID along with the cluster’s official gene symbol.

OntoCompare
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| | | | u
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[T Active transporter, primary 0[0] 101] 0[0]
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I Hydrolase 12[11] 22122] 919]

Figure 2. A sample output screen of Onto-Compare. The functional categories analyzed are biochemical function, biological process, cellular component, cellular role,
molecular function, and chromosomal location. The user can further merge arrays (e.g., for HG-133A and B) or focus the analysis on a subset of functional categories.
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Table 1. A Comparison of Three Apoptosis-Specific Microarrays

BD Biosciences

Ontology Term Clontech PerkinElmer Sigma-Genosys
Total genes on array 214 346 210
Induction of apoptosis 16 [16] 27 [26] 23 [23]
Anti-apoptosis 15[15] 20 [20] 21 [21]
Immune response 0[0] 1[1] 19[19]
Cell-cell signaling 9[9] 9[9] 18[18]
Cell surface receptor linked signal transduction 4 (4] 91[9] 17 [17]
Oncogenesis 22 [22] 29 [29] 16 [16]
Regulation of cell cycle 30 [30] 30 [30] 12[12]
Positive regulation of cell proliferation 5[5] 5[5] 12[12]
Negative regulation of cell proliferation 16 [16] 20 [20] 10[10]
Induction of apoptosis by DNA damage 3[3] 4[4] 3[3]
Induction of apoptosis by extracellular signals 8 (8] 12[12] 7171
Induction of apoptosis by hormones 1[1] 1[1] 1[1]
Induction of apoptosis by intracellular signals 2[2] 2[2] 2[2]
Induction of apoptosis by oxidative stress 0[0] 0[0] 1[1]
Induction of apoptosis via death domain receptors 4 (4] 5[5] 71[7]
Caspase 1[1] 3[2] 2[2]
Caspase activator 1[1] 3[3] 2[2]
Caspase-1 1[1] 1[1] 1[1]
Caspase-10 1[1] 2[1] 1[1]
Caspase-2 1[1] 1[1] 1[1]
Caspase-3 1[1] 1[1] 1[1]
Caspase-4 1[1] 1[1] 1[1]
Caspase-8 2[1] 1[1] 1[1]
Caspase-9 1[1] 1[1] 1[1]
Caspase-activated deoxyribonuclease 1[1] 2[2] 2[2]
Tumor necrosis factor receptor 2[2] 2[2] 2[2]
Tumor necrosis factor receptor ligand 1[1] 1[1] 1[1]
Tumor necrosis factor receptor, type | 1[1] 1[1] 1[1]
Interleukin receptor 010] 0[0] 2[2]
Interleukin-1 receptor 0[0] 0[0] 2[2]
Interleukin-1, Type |, activating receptor 010] 0[0] 1[1]
Interleukin-10 receptor 0[0] 0[0] 1[1]
Interleukin-12 receptor ligand 0[0] 0[0] 2[2]
Interleukin-2 receptor 0[0] 0[0] 3[3]
Interleukin-2 receptor ligand 0[0] 0[0] 1[1]
Interleukin-4 receptor 0[0] 0[0] 2[2]
Interleukin-4 receptor ligand 0[0] 0[0] 1[1]
Interleukin-7 receptor 0[0] 0[0] 1[1]
Unique sequences [clusters] 105 [104] 142 [141] 130[130]

Biological processes such as induction of apoptosis and molecular functions such as caspases and tumor necrosis are al-
most equally represented on each of the chips, but none of the interleukins are represented on BD Biosciences Clontech or
PerkinElmer microarrays. Processes such as immune response, cell-cell signaling, cell surface receptor linked signal trans-
duction are better represented on the Sigma-Genosys array. Processes such as cell cycle control, oncogenesis, and negative
control of cell proliferation are better represented on the BD Biosciences Clontech array. The numbers represent sequences

present on the arrays; the numbers in brackets represent distinct UniGene clusters.
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Table 2. A Comparison of Commercially Available Arrays

BD Biosciences BD Biosciences

Clontech Clontech Tumor PerkinElmer SuperArray
Biological Process Oncogene Suppressor MICROMAX Oncogene
Total genes on array 514 199 335 26
Oncogenesis 23 [22] 38 [38] 65 [63] 8 (8]
Signal transduction 47 [47] 39 [39] 49 [49] 6 [6]
Cell proliferation 23[23] 19[19] 23[23] 71[7]
Protein phosphorylation 6 [6] 17 [17] 19[19] 5[5]
Regulation of cell cycle 20 [20] 30 [30] 16 [16] 1[1]
Negative regulation of cell proliferation 5[5] 15[15] 16 [15] 0[0]
Cell-cell signaling 10 [9] 8 (8] 11 [11] 0[0]
Unique sequences [clusters] 88 [87] 101 [101] 125[123] 13[13]

A comparison of the Atlas Select Human Oncogene 7831-1 and Human Oncogene/Tumor Suppressor 7745-1, MICROMAX,
and SuperArray Human Cancer/Oncogene arrays. MICROMAX is a better choice for conditions potentially involving oncogen-
esis, protein phosphorylation, and negative control of cell proliferation. The numbers represent sequences present on the ar-

rays; the numbers in brackets represent distinct UniGene clusters.

Table 3. A Comparison of Sets of Arrays

BD Biosciences Clontech

UniGene clusters.

Oncogene and PerkinElmer SuperArray
Biological Process Tumor Suppressor MICROMAX Oncogene
Total number of sequences 676 335 26
Signal transduction 82 [82] 49 [49] 6 [6]
Oncogenesis 55 [54] 65 [63] 8[8]
Regulation of cell cycle 42 [42] 16 [16] 1[1]
Cell proliferation 38 [38] 23 [23] 717]
Developmental processes 21 [21] 13[13] 3[3]
Protein phosphorylation 21 [21] 19[19] 5[5]
Negative control of cell proliferation 19[19] 16 [15] 0[0]
Cell-cell signaling 18[17] 11[11] 0[0]
Signal transduction 10[10] 6 [6] 0[0]
Unique sequences [clusters] 175 [174] 125[123] 13[13]

A comparison of the BD Biosciences Clontech set of arrays (Atlas Select Human Oncogene 7831-1 and Human
Oncogene/Tumor Suppressor 7745-1) with the PerkinElmer, and SuperArray (Human Cancer/Oncogene) arrays. When the
two BD Biosciences Clontech arrays are used together, there is a good representation of general signal transduction, protein
phosphorylation, and negative control of cell proliferation. However, oncogenesis is still better represented on the
PerkinElmer array. The numbers represent sequences present on the arrays; the numbers in brackets represent distinct

Selecting check boxes and then clicking “show selected func-
tions” only displays the selected terms. The user can merge two
or more arrays, by selecting the check boxes next to the array
names and clicking the “merge selected arrays” button.

RESULTS AND DISCUSSION

To illustrate the utility of Onto-Compare, we can consider the
example of an anticancer drug candidate that inhibits &c/2, which
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is an anti-apoptotic factor. The drug candidate was obtained from
a large-scale screening so the exact mechanism through which this
drug promotes apoptosis is not yet known. We would like to use a
microarray approach to study the interaction between the various
genes and their respective proteins on the apoptotic pathway as
this pathway is affected by the drug. This is typical example of a
hypothesis-driven research. We have strong reasons to believe that
a certain pathway or a cellular mechanism is involved and we
would like to focus our experiments on it.

There are several companies that provide arrays designed for



research involving apoptosis. The Atlas™ human apoptosis ar-
ray contains probes for 206 UniGene clusters; the MICRO-
MAX™ human apoptosis microarray contains probes for 324
UniGene clusters, and the Panorama™ human apoptosis mi-
croarray contains probes for 198 UniGene clusters. There are 74
clusters common among all arrays. There are 167 clusters com-
mon between the Atlas and MICROMAX arrays, 92 clusters
common between MICROMAX and Panorama arrays, and 82
clusters common between Atlas and Panorama arrays. Compari-
son of these three apoptosis-specific arrays using Onto-Compare
is shown in Table 1. A biological process such as induction of
apoptosis and a molecular function such as caspases are clearly
relevant to the apoptosis (16-18). Indeed, the table shows that all
three arrays have similar numbers of genes representing induc-
tion of apoptosis, caspases, and tumor necrosis factor receptors.
Various interleukins are also reported to be mechanistically asso-
ciated with apoptosis at both protein and gene levels (19-21).
However, neither Atlas nor MICROMAX microarrays contains
any interleukin-related genes. On the other hand, the Panorama
human apoptosis microarray contains 14 genes related to various
interleukins. Clearly, among the 3 arrays considered, the Panora-
ma would be a better choice for testing any hypothesis involving
the role of interleukins in apoptosis. Other processes such as im-
mune response, cell-cell signaling, and cell surface receptor
linked signal transduction are also better represented on the
Panorama array. However, it is important to emphasize that the
Panorama array is not necessarily better than the other two ar-
rays. In fact, since the Panorama and the Atlas arrays have almost
the same number of genes, there must exist some functional cat-
egories that are better represented on the Atlas array. Examples
include processes such as cell cycle control, oncogenesis, and neg-
ative control of cell proliferation.

As another example, we compared commercially available
oncogene arrays. Such arrays are available from BD Biosciences
Clontech (Atlas Select™ Human Oncogene 7831-1 and Human
Oncogene/Tumor Suppressor 7745-1), MICROMAX, and Su-
perArray. The numbers of distinct sequences available on these ar-
rays are 514, 199, 335, and 26, respectively. A comparison be-
tween these arrays is shown in Table 2. It is interesting to note
that the MICROMAX Oncogene array contains 73 sequences
(71 UniGene clusters) related to oncogenesis. At the same time,
the Atlas Oncogene array contains only 22 sequences (21 Uni-
Gene clusters) representing the same biological process. The re-
sults are remarkable in the light of the fact that that MICRO-
MAX Oncogene array contains only 335 genes compared to the
Atlas Oncogene array, which contains 514 genes. The same holds
true for protein phosphorylation represented by 19 genes on the
MICROMAX Oncogene array and 6 genes on the Atlas Onco-
gene array and negative control of cell proliferation represented
by 15 genes on the MICROMAX Oncogene array and only 6
genes on the Atlas Oncogene array.

Finally, we performed another analysis in which we contem-
plated the use of both Atlas Oncogene and tumor suppressor as
a two-array solution and compared this selection of genes with
the genes used on the MICROMAX Oncogene array. Note that
when sets of arrays are used, many genes may be present on
more than one array. Thus, the coverage of a given pathway or
biological process cannot be inferred by simply summing the
number of genes covering the given pathway on each array.

Circle Reader Service No.
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Table 3 shows the comparison between the set of two Atlas
Oncogene arrays and the MICROMAX array. When the two
Atlas arrays are used together, there is a good representation of
general signal transduction, protein phosphorylation, and nega-
tive control of cell proliferation. Remarkably, oncogenesis is still
better represented on the MICROMAX array in spite of the fact
that the set of two Atlas Oncogene arrays deploy 676 genes
while the unique MICROMAX Oncogene array uses only 335
genes.

The examples above show that each array or set of arrays has
a certain biological bias. These examples should not be inter-
preted as proving that one particular array is better or worse
than other similar arrays. However, these examples do show
that in those situations in which a certain hypothesis exist, the
choice of the array must be made based on a comprehensive
functional analysis of the biological processes, biochemical func-
tions, cellular components, and chromosomal locations of the
genes represented on each of the arrays considered.

CONCLUSION

The first step of an experiment involving microarrays will
probably be exploratory, aimed at generating hypotheses. Com-
prehensive arrays including as many genes as possible are useful
at this stage. In most cases, the hypothesis-generating phase will
be followed by successive steps of focused research. Such hy-
pothesis-driven research often concentrates on a few biological
mechanisms and pathways. However, even a single biological
mechanism may still involve hundreds of genes that may make
the microarray approach the preferred tactic. If microarrays are
to be involved in any follow-up, focused, hypothesis-driven re-
search, we argue that one should use the array(s) that best repre-
sent the corresponding pathways. Functional analysis can sug-
gest the best array or set of arrays to be used to test a given
hypothesis. This can be accomplished by analyzing the list of
genes on all existing arrays and providing information about the
pathways, biological mechanisms, and molecular functions rep-
resented by the genes on each array. Onto-Compare is a tool
that allows such comparisons. This tool is available at htep://
vortex.cs.wayne.edu/Projects.html.
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