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Abstract Recent development of high-resolution single-nucleotide polymorphism (SNP) arrays
allows detailed assessment of genome-wide human genome variations. However, SNP data typi-
cally has a large number of SNPs (e.g., 400 thousand SNPs in genome-wide Parkinson disease SNP
data) and a few hundred of samples. Conventional classification methods may not be effective when
applied to such genome-wide SNP data. In this paper, we propose to develop and use shrunken dis-
similarity measure to analyze and select relevant SNPs for classification problems. Examples for
HapMap data and Parkinson data are given to demonstrate the effectiveness of the proposed method
and illustrate it has the potential to become a useful analysis tool for SNP data sets. In particular,
we find some SNPs in chromosome 2 that they contain in some genes which is relevant to Parkinson
disease.
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1 Introduction
Single Nucleotide Polymorphism (SNP) is a DNA sequence variation occurring when

a single nucleotide - A, C, G, or T - differs at the same position between individuals [1].
SNPs are believed to result in differences between individuals, such as susceptibility to
diseases [2]. They are abundant in human genome [3, 4], which are considered as invalu-
able markers and potential powerful tools for both of genetic researches and applications
in practice [5, 6]. For example, disease gene discovery [7], drug development [8], clini-
cal treatment [9], etc. It is believed that more and more genetic researches and practical
applications combined with machine learning or statistical or data mining methods will
be investigated based on SNP data as SNPs will provide more useful information which
is not shown by other methods. In SNP data, the association between a disease and a set
of relevant SNPs are investigated. Patients and normals are often categorized in groups
according to their SNP genotypes (categorical values). Thousands of SNPs in different
regions of chromosomes are used to describe characteristics of patient/normal samples.
There are two key properties of data sets for such classification task: high-dimensional
and categorical.
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When many SNPs are used to detect the association between a disease and multiple
marker genotypes, we expect in a typical data set that contains the genotype data of sev-
eral thousands of SNPs in different individuals. It is common to find only several numbers
of SNPs having genotype patterns that are highly specific to each group of individuals.
The SNPs are called the relevant SNPs, as opposed to the irrelevant SNPs that do not help
much in identifying the group (i.e., individuals of the same type). Due to the large number
of SNPs being irrelevant to each group, two individuals in the same group could have low
similarity when measured by a simple similarity function that consider the genotypes of
all SNPs. The groups may thus be undetectable by classification algorithms. The classi-
fication problem is defined for such a scenario, see for instance [10]. Each group is a set
of individuals with an associated set of relevant SNPs such that in the group formed by
the relevant SNPs, the individuals are similar to each other but dissimilar to individuals
outside the group. In this paper, we are interested in the development of high-dimensional
categorical classification algorithm that can identify group of individuals and their rele-
vant SNPs, i.e., detect association between a disease and multiple marker genotypes.

The outline of this paper is given as follows. In Section 2, we propose to develop and
use shrunken dissimilarity measure to analyze SNP data classification. In Section 3, we
present experimental results on two real SNP data sets: HapMap data and Parkinson data.
We give concluding remarks in Section 4.

2 Shrunken Dissimilarity Measure
The nearest shrinkage centroid [11] has been developed to handle numerical microar-

ray data sets. The main difference between gene expression and SNP data is that the
expression values are continuous and SNPs are categorical [12]. In the literature, Park et
al. [13] selected SNPs using the nearest shrunken centroid method. Their method is to
represent genotypes by numerical numbers directly. In [14], Schwender has developed
SAM for analysis of SNP data. Their method is to study contingency table for testing
if the distribution of the genotypes of SNPs differs between different groups. The Pear-
son χ2 statistic is used to handle rejection hypothesis. Shrunken χ2 statistics are further
constructed to analyze relevant SNPs. In this paper, we also make use of the shrinkage
idea and extend the algorithm for categorical SNP data by using a genotype distribution
measuring for categorical objects and modes instead of means for groups. These exten-
sions will remove the numeric-only limitation of the nearest shrunken method and enable
the classification process to be used to efficiently deal with genome-wide categorical SNP
data sets.

Let xi j be the categorical value for SNP i = 1,2, . . . , p and samples j = 1,2, . . . ,n.
There are K classes and let Ck be indices of the nk samples in class k. The centroid of the
ith SNP in class k is defined as: x̄ik = mode(ith SNP in class k), and the overall centroid
for SNP i is: x̄i = mode(ith SNP in all classes). Let

dik =
dist(x̄ik, x̄i)

mk(si + sc)
(1)

where si is the pooled within-class standard deviation for SNP i:

s2
i =

1
n−K

K

∑
k=1

∑
j∈Ck

dist(xi j, x̄ik)
2 (2)
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In (1), we consider the distance from class centroid to overall centroid for the ith SNP is
given by

dist(x̄ik, x̄i) = norm(v̄ik − v̄i) (3)

where v̄ik is the genotype distribution vector associated with ith SNP centroid in class k,
and v̄i is the genotype distribution vector associated with ith SNP overall centroid. The
soft thresholding d′

ik can be defined similarly by:

d′
ik = sign(dik)(∣dik∣−∆)+. (4)

In (1),we can see that if the difference between class centroid and overall centroid is
small or large, it demonstrates that the difference is insignificant or is just some noise.
Therefore, we shrinkage the value toward zero in (4) and the corresponding SNP does not
contribute to the classification task. At the shrinkage step, the categorical centroids are
not shrunken (compared with the procedure for the numerical microarray data). Here our
task is to drop the categorical centroids whose dik is less than the threshold. Let t be a test
sample, the class label of t is determined by:

C(t) = argmin
k
(δk(t)), δk(t) = ∑

i∈{i∣∣dik∣>∆}

dist(ti, x̄ik)
2

(si + s0)2 −2log(πk) (5)

where πk is the prior probability of class k. It is the proportion of class k in the population.
If it is unknown, it can be set to 1

K .

3 Experimental Results
3.1 HapMap Data

We test the nearest shrunken categorical centroids method on HapMap SNP data [15].
Data are downloaded from the HapMap1. According to the LD map of chromosome 22
(see [16]), 200 SNPs from chromosome 22 of 4 populations CEU, CHB, JPT and YRI
are picked out randomly from a region from 3.44e7-3.5e7 kb in Figure (1), which shows
a great difference of SNP positions on the LD map over 4 populations. Here the LD map
shows the intensity of linkage disequilibrium of SNPs. In the map, the "flat" curve means
that the SNPs are in strong linkage disequilibrium, i.e., the recombination rarely occur
between them, while the "steep" curve means the recombination occurs frequently in this
part of chromosome. Missing data are considered as a category in the calculation.

In the first experiment, we take any two out of four populations to set up two-class
classification problems. Cross-validation is used to employed The results are shown in
Figures 2, 3 and 4. As shown in the figures, we can see that all have a high accuracy of
more than 90 percent, except the CHB-JPT classification problem, only about 50 percent,
when the threshold ∆ is less than 2. Then accuracy decreases as the amount of shrinkage
increases since less SNPs are used in the prediction. The reason for the poor accuracy of
CHB-JPT classification is that these two populations are quite similar on their SNPs, see
Figure 6.

1HapMap Website http://www.hapmap.org/cgi-perl/gbrowse/hapmap_B35/?name=
Chr22

Shrunken Dissimilarity Measure for Genome-wide SNP Data Classification 75



1.5 2 2.5 3 3.5 4 4.5

x 10
7

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

Physical position of SNPs

S
ca

le
d 

po
si

tio
n 

of
 S

N
P

s

CEU LD map of Chromosome 22 

3.38 3.4 3.42 3.44 3.46 3.48 3.5 3.52 3.54 3.56 3.58

x 10
7

0.5

0.52

0.54

0.56

0.58

0.6

0.62

Physical Position of SNPs

4 populations LD map on Chromosome 22

 

 

CHB

YRI

JTP

CEU

Figure 1: (left) the LD map of the whole chromosome and (right) the LD map of 4 popu-
lations on the part chromosome 22.

In the second experiment, we consider a four-class classification problem, i.e., to clas-
sify the four populations: CEU, CHB, JPT and YRI. The setting is the same as that in the
first experiment. Figure 5 (left) shows the cross-validation classification accuracy using
different values of ∆ for 200 SNPs. The best accuracy is 77.78 percent when ∆ = 1.5.
When ∆ < 1.5, there are a lot of SNPs to be used in the classification, but some of them
are likely redundant. When ∆ > 1.5, a lot of SNPs are not used, we may throw away some
useful SNPs in the classification process. The confusion matrix in Table 1 shows that the
prediction for CEU and YRI is quite good, but bad for CHB and JPT. In these two cases,
the accuracy is not high. When we use all 51793 SNPs in chromosome 22 to perform the
classification, the best accuracy is 94.44 percent (∆ = 0.5), see Figure 5 (right).

Table 1. Confusion matrix when ∆ = 1.5.

CEU YRI CHB JPT
CEU 43 0 1 1
YRI 0 45 0 0
CHB 0 0 30 15
JPT 0 0 23 22

By shrinkage (∆ is set to 1.5), the number of SNPs used for classification is decreased
from 200 to 143, 143, 142 and 142 for CEU, YRI, CHB, and JPT respectively. In figure
(6), we show the SNPs used in prediction and their value of d′

ik. The values of d′
ik in blue

in the figure mean that its corresponding SNP appears in all four populations, while the
values of d′

ik in red represents its corresponding SNP shows in only one population. Next
we show the centroid genotype distribution vector corresponding to the d′

ik in red in the
following two tables.

Table 2. genotype distribution vector of 12th SNP (left) and 127th SNP (right)

aa aA AA
CEU 0 0.0667 0.9333
YRI 0.0667 0.5111 0.4222
CHB 0 0.0444 0.9556
JPT 0 0.0222 0.9778

aa aA AA
CEU 0.1556 0.4 0.3778
YRI 0.0222 0.1333 0.8444
CHB 0 0 1
JPT 0 0 1

As shown in the above two tables, at 12th SNP, the genotype distribution vector of
YRI is quite different from the others, similarly, at 127th SNP, the genotype distribution
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Figure 2: CEU-CHB classification (left) and CEU-JPT classification (right)
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Figure 3: YRI-CHB classification (left) and YRI-JPT classification (right)
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Figure 4: CEU-YRI classification (left) and CHB-JPT classification (right)

vector of CEU differs from those of the other three populations. The reason is that the
mode of YRI "aA", while that of whole population is "AA", and therefore YRI population
has more variation and has a large value of d′

ik.

3.2 Parkinson Disease SNP Data
We test the Parkinson disease genome-wide SNPs data set downloaded from the

Coriell Institute for Medical Research. The genotyping was performed using the Illu-
mina Infinium I and Infinium II assays. The Illumina Infinium I assay asseses 109,365
unique gene-centric SNPs while the Infinium II assay assesses 317,511 haplotype taggings
SNPs based upon Phase I of the International HapMap Project. The Illumina Infinium I
and II assays share 18,073 SNPs in common, so in combination the two assays repre-
sent 408,803 unique SNPs. The genotype data posted consists of these 408,803 SNPs for
270 individuals with idiopathic Parkinson Disease (case) and 271 neurologically normal
control individuals (control).

Table 3 shows the average classification accuracy results (correctly classified sam-
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Figure 5: Classification accuracy for four classes problem using the part of chromosome
22 (left) and all 51793 SNPs in Chromosome 22 (right).

0 20 40 60 80 100 120 140 160 180 200
0

5

SNP

0 20 40 60 80 100 120 140 160 180 200
0

5

SNP

0 20 40 60 80 100 120 140 160 180 200
0

5

SNP

0 20 40 60 80 100 120 140 160 180 200
0

5

SNP

Figure 6: The values of d′
ik (from top to bottom are: CEU, YRI, CHB, JPT, ∆ = 1.5)

ples) for 22 chromosomes by using the nearest shrunken centroid program after 10-fold
cross validation. We use the most frequent genotypes in case and control groups to be
the modes for the program. The parameter ∆ is tuned in each chromosome to obtain the
highest accuracy in the test. Missing category is also considered in this experiment. Al-
though the cause of Parkinson disease is still unknown to us, some of the genetic factors
have been discovered. We know that there are many monogenes cloned or mapped on
different chromosomes. The first gene to be isolated was PARK1 located in chromosome
4, two additional loci PARK3 and PARK4, on chromosome 2 and chromosome 4 respec-
tively have been discovered in 1998 and 1999. Furthermore, four loci on chromosome 1,
PARK6, PARK7, PARK9 and PARK10 have been reported to contain susceptibility genes,
see [17] for details. We also find that the above chromosomes which have been reported
to be associated with Parkinson disease also have relatively high accuracy in our method.

We choose chromosome 2 (with the highest classification accuracy) as an example
to demonstrate the SNPs selected by the proposed method. Fig. 7 shows the accuracies
obtained when we increase ∆ value from zero to four. We can see from the figure that
our method can get a reasonably good accuracy of 90.91% when ∆ is equal to 1.0. By
shrinkage, the number of SNPs selected for the classification is decreased from 32706
to 28. We also choose Chromosome 2 as an example to demonstrate the effectiveness
of our method compared with Park’s [13], see Table 4. We use the numerical values
(0,1,2,3) to represent different genotypes. The results show that the proposed method is
more effective.
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Table 3: Classification accuracy results.
Chromosome No. of SNPs Accuracy ∆ Chromosome No. of SNPs Accuracy ∆

1 31532 0.8364 1.6 12 19572 0.8727 1.1
2 32706 0.9091 1.0 13 14123 0.8000 1.0
3 27691 0.8909 0.9 14 12645 0.8364 1.1
4 24193 0.8545 1.0 15 11618 0.8545 1.2
5 24570 0.7273 1.2 16 11767 0.7636 1.0
6 26372 0.8364 1.1 17 11619 0.7273 1.1
7 21382 0.8545 0.8 18 12613 0.8364 0.9
8 22434 0.8571 1.0 19 8608 0.7455 1.0
9 19542 0.8545 1.0 20 10375 0.6364 1.0
10 20007 0.8545 1.3 21 6612 0.8182 0.9
11 19539 0.8000 1.6 22 7071 0.6364 0.7

Table 4: Comparison between our own method and Park’s method.
Own Park

Accuracy ∆ No of SNPs Accuracy ∆ No of SNPs
0.9091 1.0 28 0.8364 0.9 221

4 Concluding Remarks
The main contribution of this paper is to develop a shrunken dissimilarity measure to

handle SNP data classification problems. The method can be implemented on a PC very
efficiently. The relevant SNPs are selected for HapMap data sets and Parkinson disease
data sets. Experimental results are also reported to show the effectiveness of the method.
In particular, we find some SNPs in chromosome 2 that they contain in some genes which
is relevant to Parkinson disease. In the future, we study the following problems. (i) Our
aim is to develop statistical analysis of the proposed shrunken dissimilarity measure so
that a detailed statistical study of selected SNPs can be carried out. (ii) Detailed biologi-
cal analysis of SNPs of other genome-wide SNP data sets will be studied. The genomic
variation of data sets can take account of functional as well as linkage disequilibrium
information. More importance is attached to some SNPs than others, based on their posi-
tions within the coding or regulatory regions or splice sites.
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