Prioritization of Positional Candidate Genes
Using Multiple Web-Based Software Tools

Tobias A. Thornblad,' Kate S. Elliott,> Jeremy Jowett,® and Peter M. Visscher'

! Genetic Epidemiology, Queensland Institute of Medical Research, Brisbane, Australia
2 Wellcome Trust Centre for Human Genetics, University of Oxford, United Kingdom

3 International Diabetes Institute, Caulfield, Victoria, Australia

he prioritization of genes within a candidate

genomic region is an important step in the identifi-
cation of causal gene variants affecting complex
traits. Surprisingly, there have been very few reports
of bioinformatics tools to perform such prioritization.
The purpose of this article is to investigate the perfor-
mance of 3 positional candidate gene software tools
available, PosMed, GeneSniffer and SUSPECTS. The
comparison was made for 40, 20 and 10 Mb regions
in the human genome centred around known suscep-
tibility genes for the common diseases breast cancer,
Crohn’s disease, age-related macular degeneration
and schizophrenia. The known susceptibility gene
was not always ranked highly, or not ranked at all, by
1 or more of the software tools. There was a large
variation between the 3 tools regarding which genes
were prioritized, and their rank order. PosMed and
GeneSniffer were most similar in their prioritization
gene list, whereas SUSPECTS identified the same
candidate genes only for the narrowest (10 Mb)
regions. Combining 2 or all of the candidate gene
finding tools was superior in terms of ranking posi-
tional candidates. It is possible to reduce the number
of candidate genes from a starting set in a region of
interest by combining a variety of candidate gene
finding tools. Conversely, we recommend caution in
relying solely on single positional candidate gene pri-
oritization tools. Our results confirm the obvious, that
is, that starting with a narrower positional region
gives a higher likelihood that the true susceptibility
gene is selected, and that it is ranked highly. A
narrow confidence interval for the mapping of
complex trait genes by linkage can be achieved by
maximizing marker informativeness and by having
large samples. Our results suggest that the best
approach to classify a minimum set of candidate
genes is to take those genes that are prioritized by
multiple prioritization tools.

. _______________________________________________________________________|
Comprehending genetic variation is imperative in
order to understand the causes of hereditary dis-
eases. Currently, the phenotypes of nearly 4000
genetic disorders are known, and the molecular
basis is unknown for approximately one half of
them (McKusick-Nathans Institute for Genetic

Medicine). Genetic disorders may be transmitted by
a single defective gene (Mendelian or monogenic
disorders), from the culmination of many single
defective genes giving rise to the same disorder, or
through many genes with additive or multiplicative
effects (complex disorders). Genome-wide linkage
analyses using pedigrees have been successfully used
to identify mutations affecting Mendelian disorders,
but less so for complex traits (Abecasis et al., 2000;
Morton, 2003).

The resolution of primary genome screens for
genetic linkage is usually restricted to no less than
10 to 30 cM, corresponding in humans to approxi-
mately 10 to 30 megabase (Mb) pairs of DNA. A
region of interest of this size can harbor several hun-
dreds of genes. It is therefore of great importance to
be able to prioritize genes before commencing time-
consuming and costly wet laboratory work. The
traditional approach to reduce the number of candi-
date genes is by fine-mapping studies using more
markers and pedigrees (e.g., Glazier et al., 2002),
followed by population-wide linkage disequilibrium
studies (e.g., Abecasis et al., 2000).

Another approach to identifying candidate genes
involved in complex disorders is by using available
knowledge about biological pathways to prioritize
positional candidate genes (Morton, 2003).
However, when measured in the number of articles
and journals that are published, the knowledge of
biological systems is increasing at a considerable
rate, making it impossible for a researcher, even on
a specialized topic, to be up to date with all the rel-
evant literature. A vast number of literature-mining
tools have been made in order to identify relevant
papers, and more advanced text-mining tools can
be used to make novel hypotheses by combining
information from multiple papers (Jensen et al.,
2006 ). An example of its usefulness is presented by
text-mining scientific literature for terms from an
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anatomical ontology, and then integrating the results
with gene expression data (Tiffin et al., 2005).
Ontologies define the terms within a specific subject
area, and the gene ontology (GO), which describes
molecular function, process, and location of action
of a protein in a generic cell, is often used in text-
mining, although Tiffin et al. did not use GO (Blaveri
et al., 2001; Tiffin et al., 2005). Another type of
useful input in text-mining is InterPro entries, which
are described by at least one signature each, corre-
sponding to a biologically meaningful domain,
repeat, family, or pretrans-splicing molecule.
Recently, InterPro entries were mapped to GO terms,
so that a term applies to the number of proteins that
matches that entry (Mulder et al., 2003).

The purpose of this study was to examine avail-
able software tools that prioritize positional
candidate genes, and to investigate if the use of mul-
tiple tools could enhance the ranking of candidates.
In contrast to recently published papers (e.g., Tiffin
et al., 2006), we used only three web-based software
tools, which were chosen because of their similar
inputs to make the comparison as fair as possible,
and to give an overview of the results as unambigu-
ous as possible. The purpose of this article was not
only to investigate the performance of the individual
programs, but also to illustrate the usefulness of
these web-based tools by applying them to the analy-
sis of complex disease. We chose to work with four
genetically complex disorders in the chromosomal
regions where we already knew what genes that were
involved. We subsequently formed the hypothesis
that those known genes would be indicated as the
most significant for each disease, under the assump-
tion that the investigated tools worked perfectly. We
then investigated whether the three readily available
web-based tools could predict and accurately rank
the genes that we expected in regions spanning 40,
20 and 10 Mb centred around the disease-causing
loci. To compare and contrast the three software
tools, we have produced lists of candidate genes
using the different programs, and then looked for
overlapping sets of genes. We have also compiled a
mean rank of the candidate genes that were recog-
nized by all three programs.

Methods

In our study we utilized three web-based software
tools, SUSPECTS, PosMed, and GeneSniffer. The
combination of three software tools provides a
more complex selection of candidate genes, as
opposed to using only one of the three programs, as
all of the programs use different approaches to
assign ranks to the available genes in each region of
interest. Furthermore, it provides an approach to
reduce the total number of candidate genes by
selecting the overlapping genes ranked in the top 20
for all three programs for the same interval. The
comparison between the three software tools was

general, and should be interpreted mainly as an
effort to contrast and highlight possibilities and lim-
itations of using a combination of multiple
programs. The essential focus of the study was on
the accurate identification of candidate genes, rather
than nominating one of the programs as superior to
the others in finding these.

Software Tools

PROSPECTR and SUSPECTS (http://www.genetics.
med.ed.ac.uk/SUSPECTS/). SUSPECTS ranks the
candidate genes in the region of interest in the order
of their likelihood of involvement in a specified
disease (Adie et al., 2005). SUSPECTS retrieves a
list of genes, a match set, implicated in the specified
complex disease from the Human Gene Mutation
Database (HGMD) and the Genetic Association
Database (GAD; Becker et al., 2004; Stenson et al.,
2003). Each of the candidate genes in the specified
genetic interval is then compared to the match set.
The comparison is scored in four different ways,
which are then weighted and averaged to produce a
final rank. The first score is given by PROSPECTR,
which is based on sequence features of the genes.
PROSPECTR classifies genes to be likely or unlikely
to be involved in hereditary disease, based on previ-
ously shown results that these genes are more likely
to have longer 3> UTRs, signal peptides, and a
higher percentage of bases conserved during evolu-
tion (Adie et al., 2005). The candidate genes are
then given scores based on a comparison to the
expression profiles found in the match set, using
Spearman’s rho rank-order correlation. The remain-
der of the scores are given according to the number
of shared Interpro domains, with the match set, and
the number of GO annotations that are semantically
similar, at a significant level, to the annotations
found in the match set (Lord et al., 2003).

PosMed (http://omicspace.riken.jp/PosMed/
search). PosMed has been developed by the
Genome-Phenome Superbrain Project and Phenome
Informatics Team at the Genomic Sciences Center,
RIKEN, Japan. The inputs used in PosMed are phe-
notypic keywords and a genetic interval, and are
thus the same as for SUSPECTS. These inputs are
subsequently run as two different full-text searches.
The first full-text search is carried out against the
biological literature of MEDLINE . The system
computes a p value, which determines the order of
rank, for each candidate gene with a significance
based on the number of hits in documents by the
specified keyword and the name of the gene. Hence,
ranking a candidate gene as more likely to be
involved in a specific disease if it is mentioned in a
higher number of medical articles, associated to that
disorder, than a candidate gene with a lower signifi-
cance. The second full-text search is done against
OMIM and MGI locus records for which the system
subsequently displays the number of hits (Blake et
al., 2006).
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GeneSniffer (http://www.GeneSniffer.org/). The
third web-based tool, used in this article for finding
and ranking candidate genes utilized, is GeneSniffer,
developed by one of the authors, Kate Elliot.
GeneSniffer also uses the inputs; phenotypic key-
words and a genomic interval. The system then
downloads the appropriate webpages from the
NCBI's Gene, OMIM, and PubMed databases, and
from Jackson’s MGI database, for each of the genes
in the genetic interval (Blake et al., 2006; Pruitt et
al., 2000). The resulting database is subsequently
interrogated, using computer-intensive database
mining, for the phenotypic specific keywords.
BLAST then identifies homologs for each of the
genes in the region of interest. These are then scored
for their OMIM, Gene, PubMed, and Jackson
entries. The degree of homology then determines
how the scores for each gene should be weighted,
and a cumulative score, based on the number of
hits, is used to rank the candidate genes according
to their predicted involvement in a disease.

Diseases

A set of four genetically complex trait disorders, and
the corresponding genes known to be associated
with the diseases was compiled (described in Table
1). A brief description of the diseases follows. The
locations of the associated genes were used as guide-
lines of where genetic intervals were to be
examined. The three intervals constructed from each
of these positions spanned 40, 20, and 10 Mb
(Table 1) for each of the diseases, on the chromo-
some where each of the associated genes are found.

Breast cancer [BRCA1]. Cancer evolves from a
series of mutations of genes involved in the regula-
tion of cell differentiation and proliferation. Inherited
mutations in the breast cancer susceptibility gene 1,
BRCA1 (17q21), have, over the last 10 years, been
found to be associated with a role in disrupting

Prioritization of Positional Candidate Genes

DNA damage signalling, repair, and cell cycle
checkpoints (Katiyar et al., 2006).

Crobwn’s disease [CARD15]. Crohn’s disease lacks a
simple Mendelian transmission pattern and involves
several susceptibility genes, which make the genetic
factors involved highly complex. The presence of a
susceptibility gene has been demonstrated for the
development of CD on chromosome 16 (16q21). C-
terminal Caspase Recruitment Domain 15, CARD15
(initially called NOD2), has been associated with a
2-3 fold increase in the risk for CD in the presence
of one polymorphism, while the presence of two
other polymorphisms represent an increase of 20-40
fold (Mendoza & Taxonera, 2005).

Macular degeneration [CFH]. One of the major
causes of blindness in the elderly is characterized by
progressive destruction of the retina’s central region,
the macula, causing central field visual loss. It has
been shown that an intronic and common polymor-
phism in the Complement Factor H gene, CFH, is
strongly associated with age-related macular degen-
eration. CFH, located on chromosome 1q32, is a key
regulator in the complement system of innate immu-
nity, which protects against infection, and attacks
diseased and dysplastic cells and normally spares
healthy cells (Klein et al., 2005).

Schizophrenia [NRG1]. Neuregulin 1, NRG1
(8p21-12), is involved in neurodevelopment, regula-
tion of glutamate,and other neurotransmitter
receptor expression, and synaptic plasticity, and has
been shown to be a susceptibility gene for schizo-
phrenia (Stefansson et al., 2002; Tosato et al., 2005).

Comparison of SUSPECTS, PosMed and GeneSniffer

A comparison of the ability to find the known suscepti-
bility gene and assign it a high rank was carried out for
each program in all regions. The overlap in selecting
the same candidate genes across the programs was
examined to attempt to reduce the total number of

Table 1
The Inputs Used for Finding Gene Candidates

Disease (gene) Width of region (Mb)

Genomic location

No. genesinregion  Keyword for prioritization

Breast cancer (BRCAT1) 40 17p11.2-q23.3 765 Breast cancer
20 17911.2-922 478
10 17q12-921.32 313

Crohn’s disease (CARD15) 40 16p11.2-q22.1 456 Crohn disease
20 16911.1-q21 143
10 16g11.2-q12.2 70

Macular degeneration (CFH) 40 1925.2-g41 347 MD
20 1931.1-32.1 175
10 1931.2-32.1 67

Schizophrenia (NRG1) 40 8p23.1-q11.22 272 Schizophrenia
20 8p21.3-11.21 161
10 8p21.2-p12 62
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candidates, and to reduce the likelihood that the
candidate gene selected was a false positive. The
overlap was investigated by comparing the top 20
candidate genes for each region. The top 20 were
chosen because this was deemed to be a manageable
number of genes to examine for subsequent func-
tional studies. Venn diagrams (presented in the
figures section) were created for each of the three
regions for all the four disorders, in order to visual-
ize the overlap in identification of candidate genes.
The reduction of the number of candidates by com-
bining the three programs was compared to the total
number of genes in the starting set. A mean total
rank was constructed by choosing candidate genes
present in the same regions for the three programs,
and subsequently assigning an average ranking score
for these. Two mean total ranks were calculated for
each disorder, one calculated in the 10Mb region,
and another ‘overall mean total rank’ using all three
regions. In the case of the mean total rank for the 10
Mb region, the candidate genes ranked among the
top 20 for each of the programs in the 10 Mb region
were selected, and each assigned an average ranking
score and then tabulated.

Results

Breast Cancer

From the starting set of 765 genes for 40 Mb, four
were chosen as being among the top 20 of the ranked
genes in that region by all three software tools.
Another five genes were selected by at least two of the
programs as being part of the top 20, resulting in a
reduction of 765 genes to a total of 9 candidate genes,
as illustrated by Figure 1a (a reduction of 98.2%).
When the region is narrowed down to 20 Mb, the

PosMed

JUp
THRA
STAT3
STATEA

SUSPECTS GeneSniffer

Figure 1a
Candidate genes for breast cancer (40 Mb).

Note: Candidate genes for breast cancer in the genomic region 17p11.2-23.3,
spanning a DNA region of ~ 40 Mb pairs containing 765 genes. The figure
illustrates the concurrence of the same candidate genes predicted by the three
software packages, PosMed, SUSPECTS and GeneSniffer. The candidate genes
in bold were predicted by all three software tools. The ‘true’ gene is underlined.

FosMed

SUSPECTS

GeneSniffer

Figure 1b
Candidate genes for breast cancer (20 Mb).

Note: Candidate genes for breast cancer in the genomic region 17q11.2-g22, spanning
a DNA region of ~ 20 Mb pairs containing 478 genes.

PasiMed

l JUp l
THRA

STAT3
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ERBB2

BRCA1
IGFBP4
RARA

SUSPECTS GeneSniffer

Figure 1c
Candidate genes for breast cancer (10 Mb).

Note: Candidate genes for breast cancer in the genomic region 17q12-921.32, spanning
a DNA region of ~10 Mb pairs containing 313 genes.

same four genes are selected by all three programs,
and another seven are chosen by at least two, which
corresponds to a reduction of 478 genes to 11
(97.7%), illustrated in Figure 1b. The same four can-
didate genes are selected when the region spans 10
Mb, but the genes chosen by at least two of the soft-
ware tools, however, decreases to five, as illustrated in
Figure 1c. This corresponds to a reduction of candi-
dates genes from 313 to 9 (97.2%). Both PosMed and
GeneSniffer rank ERBB2 and BRCA1 as the two most
likely gene candidates (rank 1 and 2) at all ranges.
Interestingly, SUSPECTS does not rank BRCA1 at any
of these top positions for 40 or 20 Mb, and ERBB2, a
gene also known to be involved in cancer biology,
does not reach the top at all. Table 2 presents the top
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Table 2

Mean Ranks for All the Software Tools, for All Regions, and the 10 Mb Regions

Mean total rank for all regions

Mean total rank for the 10 Mb region

Candidate gene Rank Candidate gene Rank
Breast cancer BRCA1 2.89 BRCA1 2
ERBB2 5.0 ERBB2 3.67
IGFBP4 7.89 IGFBP4 6.33
RARA 10.78 RARA 8.33
THRA n
Crohn’s disease —* CARD15 2
—* MMP2 3.33
Macular degeneration —* CFH 5.33
—* PTPRC 6.33
Schizophrenia CHRNA2 489 CHRNA2 233
PNOC 4
FzD3 433
NRG1 7

Note: The mean total rank is compiled from the candidate genes which are present in the 10, 20 and 40 Mb lists of PosMed, SUSPECTS and GeneSniffer. The mean total rank for the
10 Mb region includes those candidate genes that are present in the 10 Mb region in the lists of all three software tools.

*indicates that no candidate genes were ranked in all regions for all three programs at the same time.

The total range of values used for calculating the mean total rank can be found in Additional File 1.

ranked candidate genes for all regions as a mean total
rank, which is also presented for the 10 Mb region for
the three software tools. For the whole lists of candi-
date genes ranked as the top 20 for all regions, please

contact the author.

Crohn's Disease

The starting set for Crohn’s disease contained 456
genes for 40 Mb. Two of these available genes were
chosen by all three software tools as being likely candi-
dates, and another 11 were selected by at least two of
the programs, as illustrated in Figure 2a. This decrease

PosMed

NFATC3
NQO1
SPN

SUSPECTS

Figure 2a
Candidate genes for Crohn’s disease (40 Mb).

Note: Candidate genes for Crohn’s disease in the genomic region 16p11.2-g22.1,

spanning a DNA region of ~ 40 Mb pairs containing 456 genes.

GeneSniffer

in the number of candidates corresponded to a 97.2%
reduction. Narrowing the region down to 20 Mb
resulted in a reduction from 143 candidate genes to a
total of 11 (92.3%), where five of those were selected
by all three programs, as described in Figure 2b. The
number of candidate genes was reduced significantly
when looking at a region of 10 Mb (70 genes). The
total number of candidates for that region was five
(two selected by all programs), resulting in a reduction
of 92.9%. Not a single one of the genes is ranked as
being among the top 20 by the three programs for all

PosMed

NFATC3
NQO1
SPN

SUSPECTS GeneSniffer

Figure 2b
Candidate genes for Crohn’s disease (20 Mb).

Note: Candidate genes for Crohn’s disease n the genomic region 16q11.1-g21, spanning
a DNA region of ~ 20 Mb pairs containing 143 genes.
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PasiMed

SUSPECTS

GeneSniffer

Figure 3a
Candidate genes for macular degeneration (40 Mb)

Note: Candidate genes for macular degeneration in the genomic region 1925.2-41,
spanning a DNA region of ~ 40 Mb pairs containing 347 genes.

FosMed

ADORAT
ELF3
MYOG
SYT2
THNT2

CACNA1S
CRB1

SUSPECTS GeneSniffer

Figure 3¢
Candidate genes for macular degeneration (10 Mb).

Note: Candidate genes for macular degeneration in the genomic region 1q31.2-g32.1,
spanning a DNA region of ~ 10 Mb pairs containing 67 genes.

intervals. As for the result of breast cancer above, SUS-
PECTS does not rank the expected gene, in this case
CARD13, to be among the top 20 candidates until the
interval is reduced to 20 and 10 Mb. Table 2 presents
the top ranked candidate genes for the 10 Mb region
for the three software tools. For the whole lists of can-
didate genes ranked as the top 20 for all regions, please
contact the author.

Macular Degeneration

The region of interest for macular degeneration con-
tained a set of 347 genes for 40 Mb, from which one
gene was selected by all three programs, and 10
genes were chosen by at least two of the programs,
which is illustrated in Figure 3a (a reduction of
96.8%). In the 20 Mb region, four genes are selected

FosMed

SUSPECTS GeneSniffer

Figure 3b
Candidate genes for macular degeneration (20 Mb).

Note: Candidate genes for macular degeneration in the genomic region 131.1-g32.1,
spanning a DNA region of ~ 20 Mb pairs containing 175 genes.

as likely candidates by all the three programs and
another nine by at least two of them (described in
Figure 3b), corresponding to a reduction of 92.6%,
as the starting set includes 175 genes in this region.
Two of the candidate genes chosen in the 20 Mb set
for all three programs remain when the region is
narrowed down to 10 Mb. For likely candidate
genes selected by at least two of the software tools,
a total number of seven are chosen (as described in
Figure 3c¢), reducing the amount of genes of interest
in the region from 67 to nine (86.6%). As for previ-
ous results (above), SUSPECTS did not rank the
expected gene, in this case CFH, to be in the top 20
as a top result, until the region was narrowed down
to 20 or 10 Mb. Table 2 presents the top ranked
candidate genes for the 10 Mb region for the three
software tools. For the whole lists of candidate
genes ranked as the top 20 for all regions, please
contact the author.

Schizophrenia

From the starting set of 272 genes in the 40 Mb
region, three were chosen by all three software tools
and another 11 were chosen by at least two of the
programs (as described in Figure 4a), reducing the
amount of genes by 94.9%. In the 20 Mb region, the
starting set comprises 161 genes, of which four are
chosen by all three programs, and 12 more by at least
two of the programs (90%) as described in Figure 4b.
When the region was narrowed down to 10 Mb, all
the three software tools chose four candidate genes,
and another two were selected by two of the pro-
grams as described in Figure 4c, resulting in a
reduction of 90.3% from the starting set of 62 genes
in the region. As for previous results, SUSPECTS did
not rank the expected gene, in this case NRG1, to be
in the top 20 as a top result, until the region was nar-
rowed down to 10 Mb. Table 2 presents the top
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PosMed

ADRAIA
CHRNB3
KIF13B

SUSPECTS GeneSniffer

Figure 4a
Candidate genes for schizophrenia (40 Mb)

Note: Candidate genes for schizophrenia in the genomic region 8p23.1-q11.22.
spanning a DNA region of ~ 40 Mb pairs containing 272 genes.

PasiMed

KIF13B

SUSPECTS

GeneSniffer

Figure 4¢
Candidate genes for schizophrenia (10 Mb).

Note: Candidate genes for schizophrenia in the genomic region 8p21.2-p12, spanning a
DNA region of ~ 10 Mb pairs containing 62 genes.

ranked candidate genes for all regions as a mean total
rank, which is also presented for the 10 Mb region
for the three software tools. For the whole lists of
candidate genes ranked as the top 20 for all regions,
please contact the author.

Discussion

We have compared the currently available software
tools used to prioritize positional candidate genes, using
a set of four disorders for which a susceptibility locus
was known. These are ‘best case scenario’ examples,
because both the gene and the phenotype were known.
When success is defined as the known gene being
among the top-20 prioritized set, the identification of
the ‘correct’ gene was 100% of the cases for both

Prioritization of Positional Candidate Genes

PosMed

SUSPECTS GeneSniffer

Figure 4b
Candidate genes for schizophrenia (20 Mb).

Note: Candidate genes for schizophrenia in the genomic region 8p21.3-p11.21,
spanning a DNA region of ~ 20 Mb pairs containing 161 genes.

PosMed and GeneSniffer, with SUSPECTS succeeding
in 67% of the cases. When looking at single intervals,
SUSPECTS succeeded in one of four cases in the 40 Mb
region, three of four in the 20 Mb region, and in all the
cases in the 10 Mb region. One possible explanation
for the large overlap between PosMed and GeneSniffer
may be that they both use text-mining, in contrast to
SUSPECTS, making the selection of probable candidate
genes biased towards the genes co-mentioned with the
phenotypic keyword in the most abstracts. Another
conjecture is that the scoring of the characteristics of
genes implicated in disease is given too much weight in
SUSPECTS, resulting in a failure to identify the
expected candidate genes.

In the case of breast cancer, a mean total rank for all
regions results in a list of four genes all known to be
implicated in the disorder. This may be a combination
resulting from both the vast knowledge about breast
cancer, and the fact that these genes coincidentally lie in
very close proximity to each other. The same approach
to compile a mean rank for all regions was not success-
ful in Crohn’s disease or macular degeneration.
Interestingly, in the case of schizophrenia, all programs
identify the same candidate gene for all regions, and it
is not the one expected. The candidate gene identified,
CHRNAZ2, has been reported as not increasing the sus-
ceptibility to schizophrenia, according to one study by
Blaveri et al. (2001), but may play a particular role in
the nicotinic system in smoking for schizophrenic fami-
lies, according to another study by Faraone et al.
(2004). By limiting the mean total ranking of the three
software tools to the 10 Mb region, three of four of the
expected candidate genes are ranked as the most proba-
ble. This restriction of intervals yields an identification
of more candidate genes. The additional candidate
gene, THRA, identified for breast cancer, has similari-
ties to the THRA1 gene, which has been shown to be a
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strong candidate tumour suppressor gene in primary
breast cancer (Sourvinos et al., 1997). In the mean
total rank for the 10 Mb region of Crohn’s disease,
the candidate gene MMP2 is identified by all three
programs as a likely candidate. The activity of
MMP2 has been reported to be associated with qui-
escent Crohn’s disease (Kossakowska et al., 1999).
In the case of macular degeneration, the candidate
PTPRC (formerly known as CD45), comes up for
all three programs in the 10 Mb region. This gene is
expressed in microglia, in the human retina, which
may be associated with age-related macular degen-
eration according to a study by Chen et al. (2002).
In schizophrenia, three additional candidates were
prioritized in the 10 Mb region, one of which is the
expected NRG1 gene. The PNOC gene, also identi-
fied as a candidate in this region, has been reported
as unlikely to increase the susceptibility for schizo-
phrenia (Blaveri et al., 2001). In contrast, the FZD3
gene has been reported to predispose to schizophre-
nia in a Chinese Han population (Zhang et al.,
2004); however, this predisposition was not signifi-
cant in subsequent studies in a British population
(Wei & Hemmings, 2004; Zhang et al., 2004).

In practice, researchers might prefer to use more
refined keywords to search for genes and some
tools. For example, GeneSniffer allows for more
elaborate text searches, using multiple disease-rele-
vant keywords. Although this provides a greater
depth of searching, our study suggests that caution
should be applied. The context of keywords within
abstracts may need further examination, for the
selected candidate genes, to determine whether they
reflect chance or negative associations among the
prevalent interesting and positive findings.
Researchers might also prefer to use programs that
allows for inclusion of additional data sources that
would be of interest in the prioritization strategy.
Recently, a tool with this feature was developed
(Aerts et al., 2006). However, this program, called
Endeavour, does not use the same inputs as the
three software tools described in this article, which
is the reason for not including it in our study.
Another approach to make the gene candidate pri-
oritization as complete as possible, is to combine
data from several sources to create new functional
human gene networks (e.g., Franke et al., 2006).

Conclusions

It is possible to reduce the number of candidate genes
from a starting set in a region of interest by combin-
ing a variety of candidate gene finding tools. We
recommend caution in relying solely on single posi-
tional candidate gene prioritization tools. Our results
confirm the obvious, that is, that starting with a nar-
rower positional region gives a higher likelihood that
the true susceptibility gene is selected and that it is
ranked highly. A narrow confidence interval for the
mapping of complex trait genes by linkage can be

achieved by maximizing marker informativeness and
by having large samples (Visscher & Goddard,
2004). Our results suggest that the best approach to
classify a minimum set of candidate genes is to take
those genes that are prioritized by multiple prioritiza-
tion tools.
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