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Association Study of 713 SNPs on Chromosome 12q14.3–12q24.21

for Asthma and Total Serum IgE in an African Caribbean Population
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Few comparison studies have been performed on single nucleotide polymorphism (SNP) tagging methods to examine their
consistency and effectiveness in terms of inferences about association with disease. We applied several SNP tagging
methods to SNPs on chromosome 12q (n 5 713) and compared the utility of these methods to detect association for asthma
and serum IgE levels among a sample of African Caribbean families from Barbados selected through asthmatic probands.
We found that a high level of information regarding association is retained in Clayton’s htSNP, Stram’s TagSNP, and
de Bakker’s Tagger. We also found a high degree of consistency between TagSNP and Tagger. Using this set of 713 SNPs
on chromosome 12q, our study provides insight towards analytic strategies for future studies of complex traits.
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INTRODUCTION

Questions of cost versus effectiveness are of
great importance in genetic epidemiology. Studies
generally require a large amount of genotyping,
which has become more efficient in recent years
but remains an expensive process. Furthermore,
current human genome databases, such as the
UCSC Genome Browser, are continually growing,
making additional markers available each year,
and moving toward genotyping projects on a
scale of 500,000 or more markers per participant
[Karolchik et al., 2003]. As new methods are
developed to accommodate such large numbers,
analytical questions become more complex.

The simplest genetic markers are single nucleo-
tide polymorphisms (SNPs), in which one DNA

base is substituted for another. SNPs are typically
utilized in an association study in two ways: as
direct and indirect genetic measures. The direct
approach considers candidate SNPs, which are
suspected of being causal for the disease of
interest. Therefore, the genetic feature of interest
is directly measured. The indirect approach treats
SNPs as markers and exploits linkage disequili-
brium (LD) between these markers and (unmea-
sured) causal SNPs [Clayton et al., 2004]. Thus,
entire regions can be genotyped using a set of
SNPs without regard to functionality, and a dense
map of information is created in anticipation that
some of these SNPs will be correlated with a
causal mutation, thus showing association with
the disease trait of interest. The high cost of
genotyping becomes an issue here, since the
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indirect approach typically requires many more
SNPs than the direct approach [Chapman et al.,
2003]. However, knowledge of a biological me-
chanism for any one SNP is not trivial, and is
unknown for the vast majority of polymorphisms.
For this reason, indirect approaches are often
much more practical than direct approaches.

To deal with the issue of genotyping costs, SNP
tagging methods have been developed. In regions
of high LD, where many SNPs are frequently
inherited together and thus highly correlated
within populations, it may not be necessary to
genotype all of the SNPs in a given region to
capture all of the genetic information. In fact,
it would be wasteful to do so. A reduced set of
SNPs can be representative of most, if not all,
genetic variation in that region. The goal of SNP
tagging methods is to determine which SNPs to
include in this reduced set [Stram et al., 2002].

To date, several tagging methods have been
proposed. The basis for each method can roughly
fall into one of two different categories: structured
and unstructured [Forton et al., 2005]. In the
structured approach, regions of high LD are
defined into ‘‘blocks’’ through various algorithms
[Daly et al., 2001; Johnson et al., 2001; Patil et al.,
2001; Gabriel et al., 2002; Zhang and Jin, 2003;
Barrett et al., 2005], and tagging SNPs are then
identified to represent each block. Conversely, the
unstructured approach does not define LD blocks,
but rather aims to identify a subset of markers that
represent the entire region in question [Stram
et al., 2002; Chapman et al., 2003; Ke and Cardon,
2003; Sebastiani et al., 2003, de Bakker et al., 2005].
While comparisons between methods have been
made in terms of agreement between SNPs
selected [Butler et al., 2005; Duggal et al., 2005;
Nicodemus et al., 2005], few comparative studies
have examined consistency among these methods
in terms of inference about association with
disease [Halldórsson et al., 2004]. Because most
studies are limited to one SNP tagging method, it
is important to consider how these methods
perform against each other to detect association
in an empirical setting.

Here we examine several commonly employed
SNP tagging methods in a set of 713 SNPs from
chromosome 12q, genotyped in an African
Caribbean, family-based population from Barba-
dos, for two asthma-related phenotypes—asthma
susceptibility as a qualitative trait, and the
associated quantitative trait, total serum IgE,
which has been shown to be linearly related to
the log of the odds for self-reported asthma

[Burrows et al., 1989]. Previously, novel evidence
for linkage to asthma and atopy was discovered
on a large region of 12q using micro-satellite
markers [Barnes et al., 1996], and this subsequent
high-throughput genotyping project was per-
formed using 12q SNPs in an IlluminaTM platform
fine mapping panel (Illumina, San Diego, CA),
which was determined to give the best coverage
of this region of linkage. We first show association
results for all SNPs genotyped in the study, then
compare this to the results using only the selected
subset of tagging SNPs identified by five different
SNP tagging algorithms. Our goal is to show that
SNP tagging methods can reduce genotyping
effort while retaining association signals for
asthma and IgE, but there is variation depending
upon the tagging method employed.

MATERIALS AND METHODS

STUDY POPULATION

Barbados is the eastern-most island of the
Caribbean, and its population is predominantly
of African descent with approximately 25%
Caucasian admixture, nearly identical to that
observed in African Americans [Nickel et al.,
1999]. Due to its high asthma prevalence (esti-
mated at 13% of the general population based on
Emergency Department visits and possibly as
high as 20%), Barbados is an ideal population
for studies of asthma. In this study, African
Caribbean subjects were recruited as part of an
ongoing asthma genetics study described pre-
viously [Barnes et al., 1996, 2006]. A total of 1,088
participants in 125 nuclear and extended families
were recruited through probands identified at
sites across the island, including six polyclinics,
two private clinics, and the Accident and Emer-
gency Department (A&ED) of Queen Elizabeth
Hospital (QEH). All participants gave their in-
formed consent under a study protocol approved
by the Johns Hopkins Medical Institutions’ Joint
Committee on Clinical Investigations (JCCI) and
the Ministry of Health in Barbados. Of the 1,088
recruited individuals, 668 were genotyped for this
study based on DNA quality, sample availability,
and other quality control issues such as sample
labeling discrepancies. These 668 individuals were
not significantly different than those not included
with regard to asthma status, age, or any other
relevant variables.

Asthma was defined as previously described
[Barnes et al., 1996; Zambelli-Weiner et al., 2005],
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as both: (1) a reported history of asthma, (2) a
history of physician-diagnosed asthma (past/
current), and (3) a history of wheezing without
an upper respiratory infection (URI) or two out
of the following four symptoms: wheezing with
a URI, cough without a URI, shortness of breath,
and tightness in the chest. Total IgE concentrations
were measured as described previously [Barnes
et al., 1996]. IgE values were log-transformed
to minimize skewness and then adjusted for age
and sex.

GENOTYPING

DNA was extracted from peripheral blood
samples using standard protocols. Whole genome
amplification (WGA) of DNA was prepared by
OmniPlex Technology (Rubicon Genomics Inc.,
Ann Arbor, MI). A total of, 1,261 SNPs on
chromosome 12q14.3–12q24.21 (dbSNP build
123) were attempted on the IlluminaTM BeadAr-
rayTM platform (Illumina). These included 735
markers from fine-mapping panel 42 (constructed
with the goal of providing coverage for linkage
based on SNPs validated in a European popula-
tion), supplemented with custom SNPs chosen
in 2003, prior to HapMap data availability. Assays
were completed for 1,083 SNPs, but only 713 had
MAF40.01 and met Hardy-Weinberg proportions
in founders. This loss of SNPs is likely due to two
problems: first, that there was little information
about genomic polymorphism available when
these SNPs were chosen, and second, that SNP
selection was based on samples of European
descent. Current strategies would use more recent
SNP data focused on African samples.

DATA SEGMENTATION

To create manageable sets of SNPs for analysis,
SNPs were first parsed into three regions sepa-
rated by two large gaps in the panel (each over
12 Mb), resulting in just over 200 SNPs in each
region. However, because two of the SNP tagging
programs rely on haplotype frequencies (TagSNP
and htSNP), which become less meaningful over
such large distances that show no LD, these three
regions were further broken down into ‘‘analytic
segments’’ of less than 20 SNPs each. To accom-
plish this, regions were first split at every gap
Z200 kb between consecutive SNPs. Then, for
segments that still contained 420 SNPs, an
additional split was made at spots of low
pairwise-LD (D0r0.70, but generally much closer
to 0). This resulted in 76 analytic segments whose

size and LD characteristics are shown in Figure 1.
Segment sizes ranged from 3 to 19 SNPs (panel a),
and the length of the segments ranged from
roughly 100 to 1,200 kb (panel b). SNP density
ranged from 1 SNP per 10 kb to 1 per 100 kb (panel
c). As expected, segments with higher SNP
density had higher median LD, since SNPs in
close proximity are more likely to be in strong
LD (panel d).

METHODS COMPARED

Five SNP tagging methods were considered, but
after accounting for differing options for each
method, a total of eight methods were implemen-
ted on these asthma data. First, single SNP
association tests across the entire set of 12q SNPs
were performed using FBAT (method 1, see
below). Second, each SNP tagging algorithm was
used to define SNP subsets for analysis: struc-
tured SNP tagging with blocking according to
Gabriel et al., (method 2); structured SNP tagging
with blocking according to solid spine of LD
(SSLD) (method 3); and unstructured SNP tagging
using Stram’s TagSNP (methods 4 and 5); un-
structured SNP tagging using Clayton’s htSNP
(methods 6 and 7); and unstructured SNP tagging
using to de Bakker’s Tagger (method 8).

FBAT GENETIC ASSOCIATION ANALYSIS

The Family-Based Association Test (FBAT) as
implemented in the FBAT software was used
to test association between each SNP and asthma
or Log[IgE] [Rabinowitz and Laird, 2000; Laird
et al., 2000; Horvath et al., 2001], assuming an
additive model and hypothesis testing for linkage
or association.

SNP TAGGING METHODS

Gabriel blocking. In this structured tag SNP
selection method, available in Haploview version
3.11 [Barrett et al., 2005], LD blocks are first
defined according to the method of Gabriel et al.
[2002] and SNPs that represent the underlying
haplotypes are chosen within blocks. Pairs of
SNPs are defined as having ‘‘strong evidence for
historical recombination’’ if the upper confidence
bound on D0 is less than 0.9, and a block is defined
as a region over which less than 5% of SNP
pairs show strong evidence of historical recombi-
nation. Tagging SNPs are then selected per block
as a set of SNPs which define all haplotypes above
a given frequency threshold (1% in this report)
(method 2).

3Comparison of Tagging Methods In Empirical Data
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SSLD blocking. This structured tagging meth-
od is also available in HaploView and uses the
SSLD algorithm to define blocks by searching for a
‘‘spine’’ of LD, such that the first and last markers
in a block are in strong LD with all intermediate
markers. However, the intermediate markers are
not necessarily in LD with each other. Tagging
SNPs are then selected per block to define all
haplotypes 41% frequency (method 3).

htSNP. This unstructured approach selects
SNPs from an entire region of interest, without
regard to LD blocks [Clayton, 2001]. Tagging SNPs
are selected based on the ability of any SNP subset
to maintain the overall haplotype diversity ob-
served when considering all SNPs. We relied on
the measure r2, at a threshold of 0.8, to determine
maintenance of diversity. This is a measure of the
proportion of information lost by using each
possible set of SNPs compared to the full set.
The htSNP method requires the input of haplo-
type frequency estimates, which were calculated
through the SNPHAP software, version 1.3.1
[Clayton, 2005]. In an attempt to maintain con-
sistency for the purpose of a comparison with
Stram’s TagSNP (below), two approaches were
employed based on cumulative estimated haplo-
type frequencies: htSNP(60) attempts to capture
60% of the cumulative frequencies (method 4),
and htSNP(100) attempts to capture 100% of the
haplotypes (method 5).

TagSNP. TagSNP also uses an unstructured
approach to identify the SNP subset that best
captures the complete SNP information. Because
problems may arise if there are multiple rare
haplotypes, the approach written for the TagSNP
program attempts to avoid this by optimizing the
predictability of only the common haplotypes. For
common haplotypes, the ‘‘haplotype dosage,’’
which is the count of the number of copies of a
haplotype for each individual, is estimated using
all SNPs. This is then repeated using only subsets
of SNPs, and the squared correlation between the
true and predicted haplotype dosage ðR2

hÞ for all
individuals is calculated to find the subset of
SNPs with the highest correlation to the full
information. Two TagSNP implementations are
used, again based on cumulative haplotype
frequencies for comparison with htSNP (above):
TagSNP(60) captures 60% of cumulative frequen-
cies (method 6), and TagSNP(100) captures 100%
of the haplotypes (method 7).

Tagger. This is also an unstructured method,
where bins of SNPs are designed across a region
according to pairwise LD. Bins of SNPs are

created based on the specified r2 threshold, then
one SNP is selected to represent the remainder
of SNPs in that bin [de Bakker et al., 2005]. In this
study, we used an r2 threshold of 0.8 and
minimum allele frequency of 0.05 (method 8).

RESULTS

A total of 51 SNPs from the full dataset were
associated with asthma and 45 SNPs were
associated with Log[IgE], at the nominal Po0.05
level (see top panels of Fig. 3). The strongest signal
for asthma was observed near the gene MYF6,
with P 5 0.002 and a corresponding P 5 0.02 for
Log[IgE]. The strongest signal for Log[IgE] was
observed near MGAT4C, with P 5 0.001 and a
corresponding P 5 0.004 for asthma. There was an
overlap of 23 SNPs which showed Po0.05 for
both phenotypes.

SNPs chosen by each of these SNP tagging
methods are shown for three example segments
in Figure 2, demonstrating the pattern of selection
for segments representing high LD, medium LD,
and low LD. With these tagging SNPs, single-SNP
results were compared with SNPs selected by
each method to results from all genotyped SNPs.
The goal was to identify a method that drops the
greatest number of SNPs while losing the least
information about association to the traits of
interest.

There was a modest degree of overlap in SNP
selection between different methods, especially
in regions of high LD (Fig. 2). As expected,
all methods retained more SNPs as LD decreases.
In general, the unstructured methods retain fewer
markers than the structured approaches, presum-
ably because they are not restricted to full
representation of each LD block, but rather
combine information across the entire segment.
Figure 3 illustrates the FBAT association results for
individual SNPs selected by each method com-
pared to the complete set. The proportion of
independent signals in the complete dataset
captured by each SNP tagging subset is shown
in Table I. Because some SNPs are in high LD with
each other, the proportions of total associated
SNPs retained by each tagging method may not
be as important as the proportion of associated
signals retained under each method. To address
this, we define each contiguous set of significant
SNPs with high pairwise LD (D040.8) as one
independent signal; this yields 42 independent
signals of 51 for asthma, and 39 independent

5Comparison of Tagging Methods In Empirical Data
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Fig. 2. LD plots and tagging SNPs for each method from three selected segments. Illustration of SNPs selected by each method on three

representative analytic segments, for High LD (avg. D05 0.86), Medium LD (avg. D05 0.75), and Low LD (avg. D05 0.59). SNPs selected
by each method are indicated with an ‘x.’
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signals of 45 for Log[IgE]. The proportion of these
signals captured (defined as the retention of at
least one significant SNP per independent signal)
by each SNP tagging subset is shown in bold in

Table I. These proportions were not sensitive to
our designation of LD threshold.

The differences across methods are substantial
throughout the full dataset. Both the Gabriel and

Fig. 3. Graphical representation of the –log(P-value) for FBAT tests of association with asthma. (a) all 713 SNPs, (b) all 51 SNPs with

P-value o0.05, (c-g) SNPs with P-value o0.05 that were retained in the subset of tagging SNPs selected by each method as indicated.

7Comparison of Tagging Methods In Empirical Data
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SSLD methods and TagSNP(100) maintain a very
large proportion of all SNPs that demonstrated
association in the data. However, they do not drop
many SNPs overall (retaining 98%, 96%, and 95%,
respectively). Conversely, htSNP(60) dropped the
greatest number of total SNPs (344 of the total
713), while also dropping a large proportion of
SNPs found to be associated with the two traits of
interest (capturing only 50% of signals for asthma,
and 36% for Log[IgE]). A balance was achieved
by htSNP(100), TagSNP(60), and Tagger, all drop-
ping a more modest amount of SNPs (retaining
80%, 83%, and 83%, respectively) while retaining a
higher proportion of signals for asthma (88%, 90%,
and 88%).

DISCUSSION

The aim of this study was to compare different
SNP tagging methods on a real dataset to identify
potential inconsistencies in inferences drawn from
an association study depending on the method of
selecting tagging SNPs. Ideally, one would like to
reduce genotyping efforts to an acceptable subset
of SNPs, but not if this results in critical loss of
information regarding association with a trait of
interest (i.e., asthma). For this reason, we focused
on agreement in ability to detect association rather
than overlap in particular SNPs chosen by each
method.

In these applied data, the Gabriel and SSLD
structured methods and the TagSNP(100) unstruc-
tured method preserve a very large proportion of
the asthma-associated SNPs in our data. However,
because they do not drop many SNPs overall,
the financial benefit from these methods would
be modest. Conversely, because htSNP(60) drops
the greatest number of total SNPs, this would save
the greatest in genotyping costs; however, a large
proportion of the asthma-associated SNPs were
also dropped. Considering this, the three methods
that achieved the best balance were htSNP(100),
TagSNP(60), and Tagger. Each captures a reason-
able proportion of signals (�90% for both asthma
and Log[IgE]), while dropping many SNPs over-
all. These are potentially the most useful methods
for single-SNP analyses. Tagger is becoming the
most commonly used, given its implementation
in the HapMap project. It is computationally the
simplest and does not require prior segmentation
of the data.

There are several methodological issues that
arose during this process. First is the need to
create analytic segments. An even parsing of SNPs
per segment, while logistically simple and com-
putationally easy, would not have been ideal in
this analysis for several reasons. First, this would
cause breaks to occur in some of the areas of high
LD, which would undermine the tagging process.
Also, as SNP density is too variable across our
dataset, an even parsing of SNPs would give rise
to short segments where SNP density was high,

TABLE I. Haplotype-tagging SNPs for all methods and associations with Asthma and Log[IgE]

Complete set Gabriel SSLD htSNP(100) TagSNP(100) htSNP(60) TagSNP(60) Tagger

Asthma
SNPs in selected subset 713 696 681 572 677 369 590 595
(Proportion of complete set) (0.98) (0.96) (0.80) (0.95) (0.52) (0.83) (0.83)
SNPs Po0.05 51 50 49 38 49 25 42 42
(Proportion of complete set) (0.98) (0.96) (0.75) (0.96) (0.49) (0.82) (0.82)
Independent SNPs Po0.05 42 42 42 37 42 21 38 37
(Proportion of complete set) (1.00) (1.00) (0.88) (1.00) (0.50) (0.90) (0.88)

Log[IgE]
SNPs in selected subset 713 696 681 572 677 369 590 595
(Proportion of complete set) (0.98) (0.96) (0.80) (0.95) (0.52) (0.83) (0.83)
SNPs Po0.05 45 43 40 35 41 17 36 36
(Proportion of complete set) (0.96) (0.89) (0.78) (0.91) (0.38) (0.80) (0.80)
Independent SNPs Po0.05 39 39 38 34 36 14 35 35
(Proportion of complete set) (1.00) (0.97) (0.87) (0.92) (0.36) (0.90) (0.90)

Note: Our dataset contains a total of 713 SNPs, of which 51 are significantly associated with Asthma, and 45 are nominally associated with
Log[IgE] (Po0.05). SNPs were selected by each program from the full set of 713. We then examined the subset of SNPs with Po0.05 for each
trait, and the number of SNPs selected by each program from this subset. Our ultimate interest is in the adjusted proportion, which is based
on the total number of ‘‘signals’’ detected. Each signal is defined as a contiguous set of SNPs with high LD (D0 4 0.80), and a method was
determined to have captured each signal if at least one SNP from the signal was retained as a tag SNP.
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and long segments where SNP density was low.
For this reason, we chose to divide our segments
first based on distance; a division was made
at every place where the distance between two
consecutive SNPs was Z200 kbp. Then, in seg-
ments still containing more than 20 SNPs, an
additional break was made at a point of low LD
(using a threshold of D0r0.70, but was generally
much closer to 0). Among our 76 segments, there
were only six breaks between markers with
pairwise D040.50 (five correspond to r2o.03,
one with r2 5 .32). These few cross-segment situa-
tions of non-zero LD are not likely to affect our
results. Also, in light of this issue, it is important
to note again that Tagger would not require this
prior segmentation.

The comparability across SNP tagging methods
is also difficult, given the various options under
each method. Because htSNP automatically uses
100% of the estimated haplotype frequencies,
it seems logical to use 100% in TagSNP for
comparison. However, in segments with many
rare haplotypes, TagSNP did not perform as
reasonably expected. In this dataset, 40 of the 76
total segments had greater than 20 haplotypes
with estimated frequencies of r1%; in these cases,
TagSNP tends to retain all SNPs. Thus, from our
studies, it appears that it is necessary to limit
the haplotypes used by TagSNP. The options are
to set a cumulative haplotype frequency thresh-
old, or set a minimum frequency threshold for
inclusion of haplotypes to be considered in these
algorithms. Given our data, the better choice
appeared to be a cumulative haplotype frequency,
due to the great variability of haplotype frequency
estimates across analytic segments. For example,
some segments have only one haplotype with an
estimated frequency above 5%. Through a close
examination of the data, 60% was chosen as the
minimum cumulative haplotype frequency for
our analysis, to maximize consistency across
segments. Therefore, both TagSNP and htSNP
were run either 100% or 60% cumulative haplo-
type frequency thresholds (for htSNP, this step
had to be performed outside of the software).
While our goal was to achieve direct compar-
ability, we recognize that what may be appro-
priate for one program may not be appropriate for
another program, and our attempt to maintain
consistency may have been unrealistic and un-
necessary. As shown in these results, htSNP(100)
and TagSNP(60) (our original implementations for
each method) yielded the most useful results, with
a high proportion of associated SNPs being

retained while dropping a relatively large number
of total SNPs.

One general concern for SNP tagging in the
context of candidate gene analysis is the focus on
indirect association, rather than direct causality;
if several SNPs are in high LD, a causal SNP may
be dropped in favor of a nearby SNP. Unfortu-
nately there is no way to avoid this; by design, the
purpose of tagging methods is to reduce redun-
dancy and capture a minimal set of SNPs to
represent all others. The effect could be reduced
by forcing inclusion of non-synonymous coding
SNPs into the subset. However, if the original SNP
sample includes a large percentage of such SNPs,
then this process would obviously not be appro-
priate. Therefore, it is necessary to examine
additional SNPs whenever a tag SNP is found to
be associated with the trait of interest.

This report includes both haplotype-based and
pairwise LD methods for SNP tagging. We chose
to compare these with respect to single-SNP
association results. One may argue that haplotype
analyses would have been more appropriate
for SNPs selected from a haplotype-based tagging
algorithm, and our results may be slightly
different if haplotype analyses were used for
comparison of associations. However, this is
difficult given the number of different haplotype
analysis methods in practice, and the choice of
which SNPs to include per haplotype. Ultimately,
this may lead to confusion rather than clarity
when comparing across tagging methods, so we
focused on SNP-based association tests as a
standardized comparison.

The greatest limitation in this report is our
inability to distinguish truth from observations.
We do not know whether the signals detected in
this sample reflect true positives nor whether any
additional true positives were undetected among
our full set of SNPs. Therefore, we are restricted
to reporting a comparison of observed findings
across tagging methods, without comparing false-
positive rates or power. This problem is exacer-
bated by the use of a fine-mapping linkage panel
which was not highly informative for association
studies because SNP coverage was not gene-
centered, nor was it based on optimal LD cover-
age. The panel of SNPs only achieved average
spacing of 1 SNP per 65 kb, with large variation in
spacing despite the attempt to create a uniform
distribution in the original construction of the
panel. Additional work using better gene cover-
age must be done to ultimately identify the
variants associated with asthma in this sample.
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However, these data do provide an empirical set
in which to compare tagging methods and
strategies for analysis. Further genotyping aimed
specifically at candidate genes on 12q is in
progress in our sample, with SNPs selected by
the Tagger method, based on the work presented
here.

Additional concerns include the use of SNPs
optimized for Caucasian polymorphisms. One
may expect our tagging comparison to change if
SNPs chosen for samples of African ancestry were
genotyped. For example, these results may be
quite different if our panel had been designed
based on African SNP information such as the
Yoruban data now available through HapMap.
However, this was not available at the time of
our study, and even now, most of the current SNP
panels in use are based on Caucasian polymorph-
isms. Therefore, our results are relevant until
much more work in African-specific populations
has been carried out.

This project provided the opportunity to com-
pare these methods on empirical data. Thus, we
are able to become fully aware of the differences
and consequences that can arise when attempting
to use these methods in reality. The number of 12q
SNPs in this dataset is large, thus allowing us
to perform a thorough investigation of these
different methods. Also, all of our SNPs are in
the public domain so they may appear in other
studies as well, which increases the utility of this
report. Our data are part of a large, ongoing
genotyping study in Barbados. These conclusions
will facilitate future decisions regarding genotyp-
ing in this same population, and have provided
insight towards other studies involving 12q and
asthma, as well as the choice of SNP tagging
methods when analyzing real data.
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