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Coronary heart disease (CHD) is a complex genetic dis-
ease involving gene-environment interaction. Many
association studies between single nucleotide poly-
morphisms (SNPs) of candidate genes and CHD have
been reported. We have applied a new method to ana-
lyze such relationships using support vector machines
(SVMs), which is one of the methods for artificial neu-
ronal network. We assumed that common haplotype
implicit in genotypes will differ between cases and
controls, and that this will allow SVM-derived patterns
to be classifiable according to subject genotypes. Four-
teen SNPs of ten candidate genes in 86 CHD patients
and 119 controls were investigated. Genotypes were
transformed to a numerical vector by giving scores
based on difference between the genotypes of each
subject and the reference genotypes, which represent
the healthy normal population. Overall classification
accuracy by SVMs was 64.4% with a receiver operating
characteristic (ROC) area of 0.639. By conventional
analysis using the x2 test, the association between
CHD and the SNP of the scavenger receptor B1 gene
was most significant in terms of allele frequencies in
cases vs. controls (p = 0.0001). In conclusion, we sug-
gest that the application of SVMs for association stud-
ies of SNPs in candidate genes shows considerable
promise and that further work could be usefully per-
formed upon the estimation of CHD susceptibility in in-
dividuals of high risk. Clin Chem Lab Med 2003; 41(4):
529-534
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Introduction

Coronary heart disease (CHD) is the leading cause of
death in developed countries (1). CHD is the complex
genetic disease involving many genes, environmental
influences, and important gene-environment interac-
tions (2). CHD patients show varying clinical and angio-
graphic features and that the importance of the differ-
ent pathogenetic components may be different in
different patients (3). Prevention of CHD is made diffi-
cult not only by the multiple predisposing causes of
CHD but also by the individual’s susceptibility to these
causes. Emerging evidence suggests that common
variations in genes, called single nucleotide polymor-
phisms (SNPs), are associated with CHD and can mod-
ulate the effect of environmental risk factors on the de-
velopment of CHD (4). However, the identification of
SNPs in genes associated with complex disease includ-
ing CHD is often very difficult because their individual
contributions are likely to be small (5). Therefore, we
not only analyzed the association between a single
SNP and CHD using the x2 test for allele frequency in
cases and controls but also estimated the combina-
tional effects of multiple SNPs in attempt to detect CHD
using support vector machines (SVMs).

SVMs (6, 7) have been successfully applied to a
wide range of pattern recognition problems, including
microarray gene expression data. SVMs can classify
genes into some functional categories based on ex-
pression data obtained from a microarray and have al-
lowed predictions to be made concerning the func-
tions of unannotated yeast genes (8). SVMs, which are
based on a solid mathematical foundation, attempt to
solve a universal problem of classification that we
need to know which belongs to which group. Applied
to multiple SNP data, the process of constructing
SVMs begins with the transformation of genotypes of
multiple SNPs of each individual into a numerical vec-
tor. Vectors are labeled positively if the individuals are
in the CHD group and are labeled negatively if they are
in the control group. Using this training set of SNP
vectors, SVMs would learn to discriminate between
the CHD and control group (9). Having learned the vec-
tor features of the class, SVMs can recognize a new in-
dividual as a member of the CHD group or of the con-
trol group based on their SNP data. Moreover, the
SVMs could also be retrained to identify outliers that
may have previously been assigned to the incorrect
class in the training set. Then, SVMs would use the in-
formation in the training set to determine what SNP
features are characteristic of a given CHD or control
group, and use this information to decide whether any
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given SNP data are likely belong to a CHD or control
group.

We describe here not only the use of X2 statistics to
determine the association between a single SNP and
CHD but also the use of SVMs to classify subjects as
members of the CHD or of the control group based on
a set of multiple SNP data. We genotyped 14 SNPs on
10 candidate genes related to CHD risk in 86 CHD pa-
tients and 119 age-matched healthy controls.

Materials and Methods

Study subjects and samples

Eighty-six patients (54 males and 32 females) with CHD, as
documented by coronary angiography because of recent my-
ocardial infarction or angina, were selected at Seoul National
University Hospital. The normal control group consisted of
119 age-matched individuals (63 males and 56 females) who
were selected by health-screening at the same hospital in or-
der to exclude those with a history of chest pain, diabetes, hy-
pertension, and general ilinesses. Blood samples were placed
into EDTA tubes and stored at —70 °C until assay.

Lipid and apolipoprotein analysis

The concentrations of plasma cholesterol and triglycerides
were determined using enzymatic methods (Roche Diagnos-
tics, Mannheim, Germany). High density lipoprotein-choles-
terol (HDL-C) was measured directly with HDL-C diagnostic
kits (Kyowa Medex, Tokyo, Japan) using a Hitachi 747 auto-
matic chemistry analyzer. The level of low density lipoprotein-
cholesterol (LDL-C) was calculated using the formula of Fried-
wald et al. (10), and the levels of apolipoprotein (apo)A-l and
apoB were measured by immunonephelometric assay (Bering
Nephelometer, Beringwerke AG, Germany). Lipoprotein(a)
(Lp(a)) was measured using commercially available enzyme-
linked immunosorbent assay kit (IMMUNO GmbH, Heidel-

berg, Germany). Body mass index (BMI) was calculated by di-
viding weight by (height)2.

Selection of candidate genes

We selected 10 genes probably related to CHD, based on en-
coded molecules that have roles in thrombosis, thrombolysis,
vasodilator tone, and lipid metabolism. The ten genes were:
apoClll, apoE, lipoprotein lipase, scavenger receptor B1(SRB1),
lipoprotein receptor-related protein, factor VII, plasminogen
activator inhibitor 1 (PAI-7), glycoprotein 1b a-polypeptide
(GP1BA), superoxide dismutase (SOD), and the endothelial ni-
tric oxide synthase (eNOS) genes. The accession number of ap-
propriate the GeneBank reference sequences, the location of the
sequences, and the bases potentially substituted in the 14 SNPs
and the dbSNP numbers are summarized in Table 1.

Genotyping SNPs

DNA samples were extracted from peripheral blood by stan-
dard methods. Genomic DNA was subjected to PCR and the
identity of the PCR products were confirmed by digestion with
a restriction enzyme and subsequent agarose electrophoresis.
Fourteen pairs of oligomers were chosen to serve as PCR
primers to amplify regions containing each of the SNPs in the
10 candidate genes. The nucleotide sequence of these
primers, restriction enzymes, and the expected sizes of the
PCR products are indicated in Table 2.

Statistical analysis

Statistical analyses were performed with the Statistical Pack-
age for the Social Sciences (SPSS, SPSS Inc., Chicago, IL,
USA), version 9.01 for Windows. Variables in two or three
groups were compared using the Mann-Whitney U-test or the
Kruskal-Wallis test. The x2 test and Fisher’s exact test were
used to test for independent relationships between variables.
The difference of the allele frequencies of CHD patients and
controls were evaluated using X2 test. The Hardy-Weinberg
equilibrium of alleles at individual loci was assessed using
X2 statistics.

Table 1 Genotyped SNPs.
Genes Gene Bank Reference Sequence Base
Accession number Location dbSNP Major Minor
of SNP number allele allele
SRB1 NM_005505.2 (gi21361199) 1158 rs5888 c T
ApoE K00396.1 (gi 178850) 586 rs7412 c T
K00396.1 (gi 178850) 448 rs429358 T c
eNOS D26607.1 (gi558523) 7002 rs1799983 G T
D26607.1 (gi558523) 20454 rs1799985 G T
SOD U10116.1 (gi529149) 5256 rs2536512 T G
ApoClll J00098.1 (gi 178765) 5163 rs5128 G c
LPL AF050163.1 (gi3293304) 4509 rs285 T c
AF050163.1 (gi3293304) 8393 rs320 T G
AF050163.1 (gi3293304) 9040 rs328 c G
Factor VIl NM_019616.1 (gi10518502) 1223 rs6046 G A
PAI-1 AF386492.2 (gi14488407) 837 rs1799889 G -
LRP1 AF058399.1 (gi3493546) 516 rs1799986 c T
GP1BA AF395009.1 (gi14600281) 2217 rs6065 c T

SRB1, scavenger receptor B1; apoE, apolipoprotein E; eNOS,
endothelial nitric oxide synthase; SOD, superoxide dismutase;
ApoClll, apolipoprotein CIll; LPL, lipoprotein lipase, PAI-1,

plasminogen activator inhibitor 1; LRP1, lipoprotein recep-
tor-related protein 1; GP1BA, glycoprotein 1b a-polypeptide
(GP1BA).
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Table 2 PCR primers and restriction enzyme digestion to detect SNPs.

Genes SNPs Primers Digest Pruduct sizes, bp
(dbSNP)
SRB1 rs5888 ccttgtttcttcccatectcacttcctcaagge Haelll CC: 154,33, 31
(C/T) caccaccccagcccacagcagce TT: 154, 64
ApoE rs7412 tccaaggagctgcaggcggegca Aflll CC: 218
(C/T) gcccecggectggtacactgeca TT: 168, 50
rs429358 tccaaggagctgcaggcggcegea Haell TT: 218
(T/C) gcccecggectggtacactgeca CC: 195, 23
eNOS rs1799983 tccctgaggagggceatgaggct Banll GG: 320,137
(G/T) tgagggtcacacaggttcct TT: 457
rs1799985 cccctgagtcatctaagtattc Hindll GG: 577,99
(G/T) agctctggcacagtcaag TT: 374, 203, 99
SOD rs2536512 gagacatgtacgccaaggtc BstUI AA: 114, 39
(T/G) gctgccggaagaggac GG: 66, 48, 39
ApoClll rs5128 ggagggtgattcctacctta Sstl GG:710
(G/C) tttgacttgtgctggggttc CC: 377,333
LPL rs285 atcaggcaatgcgtatgaggtaa Pvull TT: 431
(T/C) gagacacagatctcttaagac CC: 222, 209
rs320 gatgctacctggataatcaaag Hindlll TT: 354
(T/G) cagctagacattgctagtgt GG: 141,213
rs328 catccattttcttccacaggg Hinfi CC: 140
(C/G) tagcccagaatgctcaccagact GG: 118, 22
Factor VII rs6046 gggagactccccaaatatcac Mspl GG: 206, 67, 39
(G/A) acgcagccttggctttctcte AA: 273, 39
PAI-1 rs1799889 5@G: gtctggacacgtggggg Allele-specific PCR 5G: 139
(G/-) 4G: gtctggacacgtgggga 4G: 138
tgcagccagccacgtgattgtctag
LRP1 rs1799986 ggggtccaggactgcatgta Rsal CC:32,19,8
(C/T) aagtccgtacctcggcagtg TT: 51,8
GP1BA rs6065 cactactgaaccaaccccaag Bbill CC: 271,201,119
(C/T) ttgtggcagacaccaggatgg TT: 390, 201

For abbreviations: see Table 1.

Support vector machines

When SVMs classify, they separate a given set of binary-la-
beled training data with a hyper-plane that is maximally dis-
tant from the point of each set. For cases in which no linear
separation is possible, SVMs can work using kernel functions,
which automatically realize a non-linear mapping to a feature
space. The hyper-plane found by the SVM in feature space
corresponds to a non-linear decision boundary in the input
space. For a set of 14 SNPs in each individual, their represen-
tation as a vector in a Euclidean space is found as follows: The
reference genotype at each SNP site can be selected by choos-
ing the most common genotypes in the normal controls. By
giving scores based on difference between the genotypes of
the SNPs in each subject (CHD patients and controls) and the
reference genotype, a vector of 14 dimensions was assigned
to each individual. A set of n SNPs sites from m individuals
was represented as a difference score matrix, in which each of
the m rows consists of an n-element difference score vectors.
In our experiments, the number of individuals m was 203 and
the number of difference scores n was 14. At each SNP loca-
tion, we awarded difference score uniformly such as diff(w/w,
w/w) = 1, difflw/w, w/m) = 2.5, diff(w/m, m/m) = 7.5, and
difflw/w, m/m) = 10. Here, w and m represent wild and mu-
tated genotypes, respectively. For best performance, the dif-
ference scores were adjusted at each SNP location by giving
weights of x values, which were obtained from the 2 test of al-
lele frequency of a single SNP between CHD and controls (9).

Let the jth individual input difference score point x/ = (x{,
x,’;) be the realization of the random vector X’. Let this input

point be labeled by CHD (+1) or controls (- 1), Y e {+1,-1}. Let
®:1CR" = I1C R be a mapping from the input space / C R to
a feature space F. A data set S of m labeled data point: S =
{(XLy", o (X™y™3}. The SVM learning algorithm finds a hy-
per-plane (w,b) such that the quantity y=miny’ {{W,@ X)) - b} is
maximized, where {.) denotes an inner product, the vector W
has the same dimensionality as F, b is a real number, and yis
called the margin. The quantity {{W,@ X)) - b} corresponds to
the distance between the point X' and the decision boundary.
The corresponding decision function is f(X) = sign{{W,¢@ X)) -
b}. It is easy to prove that, for the maximal margin hyper-

plane, w= gaiyqu(Xi), where q, are positive real numbers that
/= m

maximize §a,- %aiajyiyj(ql(X,),(p(Xj)) subjectto > ayy; = 0,a,> 0,

the decision function can equivalently be expressed as

(X = 5ign(§aiy,.((;z(xi),(;z(X)) - b). From the equation it is

possible to see that the q; associated with the training
point X' expresses the strength with which that point is em-
bedded in the final decision function. A remarkable property
of this alternative representation is that often only a subset of
the points will be associated with non-zero a;. These points
are called support vectors and are the points that lie closest to
the separating hyper-plane. The matrix K, = (¢X'),¢X’)) is
called the kernel matrix. In the case when the data are not
linearly separable, one can use more general functions,
K, = K(X',X'), that provide non-linear decision boundaries.

Two classical choices are polynomial kernels K(X'X') =
_IIx=x

(X', X7y + 1) and Gaussian kernels K(X',X')=e ¢ ,where d
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and o are kernel parameters. The experiments presented in
this paper were performed using a freely available implemen-
tation of the SVM classifier which can be obtained at
http://www.cs.columbia.edu/~bgrundy/svm (8).

Validation of SVM methods

The goal of SVM is that a learning classifier should become
trained well enough in terms of its teaching examples to be able
to generalize new examples (actual error rate). The actual error
rate of small data numbers was determined by hold-one-out
cross validation (11). The SVM is trained using data from all but
one of the subjects. The vector of subject not used in training is
then assigned a class by the SVM. A single SVM experiment
consists of a series of hold-one-out experiments, the vector of
each subject being held out and tested exactly once (11). A re-
ceiver operating characteristic (ROC) curve was constructed for
each of the SVM methods, and the area under the ROC curve
quantified the diagnostic accuracy of a test as a single number,
with 1 indicating perfect discrimination and 0.5 signifying dis-
crimination no better than random assignment (12).

Results

Conventional analysis for the association between
single SNP and CHD

Demographic features and risk factor status among
subjects are summarized in Table 3. No significant dif-

Table 3 Characterization of CHD patients and controls.

CHD patients Controls pa2
(n = 86) (n=119)

Age 60.1+7.7 58.0+7.5 0.082
Sex 0.181

Male 54 63

Female 32 56
Smoking 0.053

Current 25 17

Former 15 24

Never 46 78
Hypertension

(+) 46 0

(=) 40 119
Diabetes

(+) 21 0

(=) 65 119
BMI (kg/m2)a 24.70+2.80 23.40+2.80 0.002
Chol (mmol/l) 5.06+1.10 5.30+0.93 0.129
TG (mmol/l) 1.43+0.83 1.29+0.55 0.337
HDL-C (mmol/l)2 1.06+0.30 1.561+£0.38 0.000
LDL-C (mmol/I) 3.34+1.01 3.20+0.84 0.242
ApoAl (g/l)? 1.06+0.25 1.40+0.26 0.000
ApoB (g/l) 1.03+0.28 1.09+0.26 0.095
Lp(a) (g/l) 0.31+0.23 0.26+0.18 0.184

Values are mean + SD. BMI, body mass index; Chol, total cho-
lesterol; TG, triglyceride; HDL-C, high denstiy lipoprotein-cho-
lesterol; LDL-C, low density lipoprotein-cholesterol; Apo,
apolipoprotein; Lp(a), lipoprotein(a). 2Significant differences
between CHD patients and controls (p-value by Kruskal-Wallis
test and x2 test).

ference was found between the age and sex distribu-
tion of the CHD patients and controls. The levels of
BMI, cholesterol, HDL-C, LDL-C, and apoAl showed sig-
nificant differences between the CHD patients and con-
trols. Allele and genotype frequencies of SNPs in can-
didate genes are shown in Table 4. An association
between CHD and the SNP at SRB7 gene was statisti-
cally significant in terms of allele frequency compar-
isons in CHD patients vs. the controls (p = 0.0001). How-
ever, no significant difference was found between the
allele frequencies of the other SNPs in the CHD patients
and controls.

SVM analysis for the association between multiple
SNPs and CHD

Table 5 summarizes the results of a hold-one-out cross-
validation experiment using all four SMV methods.
Performance was evaluated for each method and was
involved allocating a positive or negative classification
label for each member of the test set based only on
what it has learned from the training set. The first four
columns are the categories false positive (FP), false
negative (FN), true positive (TP), and true negative
(TN), and the fifth is a measure of overall accuracy. No
significant difference in accuracy and in ROC areas was
observed for the different SVM methods.

Discussion

Itis estimated that 90% of naturally occurring sequence
variations are SNPs, which can be small enough to
manifest detectable linkage disequilibrium in human
population (13). Mutations, which have recently been
introduced into a population, tend to demonstrate link-
age disequilibrium with nearby polymorphisms. De-
tecting association between these SNPs and disease
may provide useful evidence for the existence of a sus-
ceptibility locus within such a region and can lead to
the identification of the gene and of pathogenic poly-
morphisms. However, as SNPs are biallelic they have
relatively little power in association studies compared
with the information that could be obtained by using
haplotypes. With regard to complex disease, such as
CHD, each related gene contributes disease suscepti-
bility to some extent, but such genes may also interact
with each other. If different mutational events have oc-
curred in a gene related to disease at different points in
some population history, then the frequencies of both
these haplotypes of mutations will be increased among
cases. However, it is very difficult to detect these using
conventional methods, when only the multilocus geno-
types are available for study. Studying individual SNPs
might be fail to detect association with disease be-
cause each allele might be associated with a different
gene, which have opposing effects on disease develop-
ment, the two thus tend to cancel each other and the re-
sultis little difference in the overall allele frequencies in
comparisons between cases and controls (14).

Some association has been maintained through link-
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Table 4 Genotypic and allele frequencies of SNPs in CHD patients and controls.
Genes SNPs Alleles Genotype
SNPs Groups Major Minor X p2 Major Hetero- Minor
(dbSNP) value homo zygotes homo-
zygotes
SRB1 rs5888 CHD 0.85 0.15 4.109 0.000 61 25 0
(C/T) Controls 0.67 0.33 61 37 21
ApoE rs7412 CHD 0.94 0.06 1.734 0.087 76 10 0
(C/T) Controls 0.98 0.02 114 5 0
rs429358 CHD 0.92 0.08 1.362 0.178 73 12 1
(T/C) Controls 0.87 0.13 89 29 1
eNOS rs1799983 CHD 0.91 0.09 0.311 0.761 71 15 0
(G/T) Controls 0.92 0.08 101 18 0
rs1799985 CHD 0.98 0.02 1.266 0.207 83 3 0
(G/T) Controls 0.95 0.05 108 11 0
SOD rs2536512 CHD 0.62 0.38 1.183 0.243 31 46 9
(T/G) Controls 0.69 0.31 53 57 9
ApoClll rs5128 CHD 0.73 0.27 0.998 0.321 45 35 6
(G/C) Controls 0.67 0.33 57 46 16
LPL rs285 CHD 0.68 0.32 0.285 0.780 39 39 8
(T/C) Controls 0.66 0.34 52 54 13
rs320 CHD 0.75 0.25 1.001 0.320 48 33 5
(T/G) Controls 0.79 0.21 73 43 3
rs328 CHD 0.88 0.12 0.155 0.883 66 19 1
(C/G) Controls 0.89 0.11 93 25 1
Factor VIl rs6046 CHD 0.94 0.06 0.537 0.593 75 11 0
(G/A) Controls 0.92 0.08 100 18 1
PAI-1 rs1799889 CHD 0.57 0.43 0.387 0.698 32 35 19
(G/-) Controls 0.55 0.45 39 52 28
LRP1 rs1799986 CHD 0.92 0.08 0.164 0.878 74 1 1
(C/T) Controls 0.93 0.07 104 14 1
GP1BA rs6065 CHD 0.89 0.11 0.138 0.893 70 14 2
(C/T) Controls 0.90 0.10 96 23 0
ap-Value of x2 test, allele frequency between CHD and controls in various SNPs. For abbeviations: see Table 1.
Table 5 Comparison of accuracies and ROC areas for various SVM methods.
Methods Kernel function FP FN TP TN Accuracy? ROC area pP
Polynomial 1 (X-Y+1),C=1 50 33 53 69 59.4% 0.603+0.039 0.012
Polynomial 2 (X-Y+12,C=1 47 36 50 72 59.5% 0.613+0.039 0.006
Polynomial 3 (X-Y+13C=1 46 35 51 73 60.5% 0.623+0.039 0.003
Radial basis exp(=7 || X-Y ]2 43 30 56 76 64.4% 0.639+0.039 0.001

aAccuracy, percentage of (TP+TN)/total subjects; b p-value of ROC areas, under the nonparametric

assumption and null hypothesis true area = 0.5.

age disequilibrium, and particular haplotypes should
be more commonly found on chromosomes bearing
pathogenic mutations. Such haplotypes should actin a
similar way to multiallelic markers, and should be bet-
ter able to produce detectable associations, when there
are multiple mutation events. Then, in association
studies between multiple SNPs and complex disease, it
is more efficient to use a marker haplotype rather than
a single biallelic marker (5, 13).

Our results show that SVMs can provide a simple
and practical method for dealing with a set of multiple
SNP data as a marker haplotype, such is produced us-

ing marker haplotypes, which are obtained from stan-
dard case-control studies. SVMs can produce a dis-
criminant function (hyper-plane function), which has
the ability to classify sets of input values (difference
score vectors) according to their output values (CHD
patients and controls), so that a given set of input val-
ues will produce a set of outputs close to the observed
values (6). Standard methods are to adjust the SVM pa-
rameters (hyper-plane function) in order to produce
output values, which approximate the target values.
Sets of input data and target outputs are repeatedly
presented to the SVMs and changes are made to mod-
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ify parameters of the hyper-plane function in a way
which improves the overall performance of the SVMs.

In terms of the association study between multiple

SNPs and CHD, SVMs allow multiple SNP data to be
analyzed simultaneously, even when haplotypes are
unavailable. Such analyses complement conventional
analyses based on single markers.
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