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Abstract— Due to the tremendous number of single nucleotide
polymorphisms (SNPs), there is a clear need to expedite
genotyping by considering only a subset of all SNPs called
haplotype tagging SNPs (htSNPs). Recently, the approach that
selects htSNPs by maximizing their prediction accuracy has
demonstrated very promising results. Here we propose a new
prediction system for htSNP selection based on neural network
models. We applied our system to three public data sets, and
compared its prediction performance to that of two stateof-the-art prediction rules. The results demonstrate that our
system consistently outperforms compared methods with robust
performance.

I. I NTRODUCTION
A large number of single nucleotide polymorphisms
(SNPs) in the human genome have greatly expedited the
progress of biomedical research. The high-density genetic
map of SNPs enables close examination of a disease locus,
and as a result, plays a fundamental role in large-scale
association studies to locate common and complex disease
genes [1]. However, due to the sheer number of SNPs, which
is estimated at about ten million [2], genotyping all of them
in a candidate region is still costly and time-consuming.
Therefore, selecting a subset of SNPs that is sufficiently
informative to conduct disease-gene association studies but
still small enough to reduce the genotyping overhead, is a
major challenge. The selected SNPs are generally referred to
as haplotype tagging SNPs (htSNPs) [3], and the unselected
SNPs are referred to as tagged SNPs. In short, htSNP
selection problem refers to find an optimal set of htSNPs
to predict the other SNPs.
Numerous computational methods have been developed
for conducting htSNP selection. Their common goal is to
identify a subset of SNPs that can distinguish all the common
haplotypes [4], or at least explain a certain percentage of the
haplotype diversity [3], [5], [6], [7]. They are all based on
the assumption that even when the causal variant is not one
of the selected htSNPs, those selected would still capture the
haplotype susceptibility to the disease. Early studies typically
concentrated on a small number of SNPs, and relied on
exhaustive search [3], [4], [5], [6], [7]. More recent studies
avoid exhaustive search by using clustering methods based on
pairwise linkage disequilibrium (LD, non-random association
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of SNPs [8]) [9], matrix decomposition methods [10], greedy
methods [11], or branch-and-bound algorithms [12].
Recently, several researchers have proposed a different
approach, selecting htSNPs based on how well they predict
the remaining set of tagged SNPs. Bafna et al. [13] and
Halldorsson et al. [14] suggested a new measure called
informativeness, which quantifies the confidence by which
one group of SNPs can predict another. Halperin et al.
[15] also proposed a new measure directly evaluating the
prediction accuracy of a set of SNPs. By limiting the number
of predictive SNPs or restricting them to a w-bounded
neighborhood (where w is a fixed window size ≤ 30), both
methods could identify the minimal set of htSNPs based
on their respective measure. On the other hand, Lin et al.
[16] selected htSNPs by using principal component analysis
(PCA), and predicted the genotype of a tagged SNP using
the one htSNP whose correlation coefficient with the tagged
is the highest.
In general, after the selected htSNPs are genotyped, the
alleles of the tagged SNPs are predicted using the alleles
of the htSNPs, and disease-gene association is conducted
based on the reconstructed full haplotype data. Therefore,
above tagged SNP prediction methods present a prediction
rule for tagged SNPs along with a selected set of htSNPs.
Currently, all of them rely on a simple majority vote or
pairwise-correlation to predict the alleles (i.e., the nucleotide
at a position in which a SNP occurred) of tagged SNPs.
In this paper, we propose a new prediction system for
htSNP selection problem. We use a neural network to learn
the relationship among SNPs, by training it to produce the
same haplotype pattern with the input. In the prediction
phase, we build an input haplotype pattern based on htSNPs
and the training data, then the trained neural network predicts
the corresponding haplotype. To date, there has been only
a small number of neural network approaches used in the
genetic problems, such as haplotype association [17], [18],
[19] and haplotype phasing [20]. And to our best knowledge,
our approach is the first neural network model to tackle the
htSNP selection problem.
We applied our method to three public data sets. The
results based on one-leave-out cross validation show that
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For each k ≤ K,
Repeat R times,
Build Tk that randomly selects k SNPs.
For each testing haplotype ht ,
Train the network N with the remaining Dtr = D − ht .
Build a candidate haplotype hin :
For each haplotype pattern hi ∈ Dtr ,
c ← 0, m ← 0.
For each SNP stj , where j ∈ Tk ,
If sij matches with stj , Then c ← c + 1.
If c = 0 Then hin ← hin + c · hi , m ← m + 1.
hin ← hin / m.
Get the output pattern hout ← N (hin ) and calculate the prediction accuarcy from (ht − hout ).
Calcaulate the averaged prediction accuracy over all ht .
Report Tk∗ that maximizes the prediction accuracy.
Fig. 1. The algorithm for choosing htSNPs that maximizes the prediction accuracy. We assume that the maximum number of htSNPs K, and the size of
random sampling R are given.

our prediction system achieves a higher level of prediction
accuracy compared to that of a majority vote and pairwise
correlation. Moreover, the performance of our system is
robust under various selections of htSNPs or the number of
htSNPs.
II. P REDICTION M ETHOD
Our approach to the prediction problem consists of two
phases. In the learning phase, a neural network is used to
discover the relationship between SNPs. In the prediction
phase, first we try to build a candidate haplotype based on
the given htSNPs. This prediction is then refined through the
trained neural network. Figure 1 shows the overall algorithm,
of which notations and procedures are explained in detail in
the following sections.

input pattern, the network is trained to generate the same
haplotype as the given input. As shown in Figure 2, it is
a fully-connected network of input size p, but the direct
weights wii from the input to the hidden layer are removed
in order to reduce the influence from the direct input nodes.
We adopted the resilient error backpropagation (RPROP)
[21] with the maximum weight change value of 1.0. In
the prediction phase, we used one-leave-out cross validation
[22] to calculate the averaged prediction accuracy. More
specifically, we pick a haplotype ht as a test data, and
train our network with the remaining n − 1 haplotypes
Dtr = {hi | i = t}. The prediction accuracy is calculated
by comparing the selected haplotype pattern with the output
pattern of our network. This algorithm loops around for each
haplotype, and the final prediction accuracy is averaged.

A. Problem Formulation
Let us assume that we have a data set D consisting of
n haplotypes h1 , ..., hn and each haplotype hi has p SNPs
si1 , ..., sip . As we are interested in biallelic SNPs (i.e., only
two types of variations are observed in a site), we consider
a haplotype h of length p as a string of {−1, 1}p, and D as
an n · p matrix.
The prediction problem is to generate values (alleles) of
SNPs using htSNPs. Assuming we are given a set of htSNPs
Tk , which specifies k SNP positions (i.e., column indices in
D) to look up, we try to rebuild the corresponding haplotype
ht , based on htSNP values sij , where i = t and j ∈ Tk .
In other words, the prediction algorithm is a function of
f : {−1, 1}k → {−1, 1}p. In addition, we assume that
the prediction of each SNP only depends on the values of
htSNPs, not on the prediction results of the other SNPs. This
assumption is required to predict tagged SNPs in arbitrary
order.
B. Neural Network Model
We used a neural network model to learn the nonlinear
higher-order relationship between SNPs. For each haplotype
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Fig. 2. The description of the neural network model for the prediction
problem. Each node corresponds to a SNP. The direct weights wii from
the input to the hidden layer are removed to facilitate learning dependency
between different SNPs.
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C. Weighted Vote

III. R ESULTS

In the prediction phase, we make a candidate haplotype
pattern hin based on htSNPs Tk , then put this pattern into
the network to predict the target (tagged) haplotype ht . The
algorithm to build the candidate haplotype pattern is as
follows. For a given htSNP sti where i ∈ Tk , we look up
each haplotype hj ∈ Dtr to check if the SNP sji matches
up with sti . If it matches, we add this haplotype hj into
the input pattern hin . After looking up all haplotypes in the
training data set, we average the current input by the number
of the added haplotypes. In this way, we can implement the
weighted majority vote for the candidate haplotype, which is
proportional to the number of matched SNPs.

D. Random Sampling
Selecting the optimal set of tagging SNPs that maximizes
prediction accuracy is NP-hard in general [13]. As we are
focused in maximizing the prediction accuracy given a set
of htSNPs, we use a simple algorithm to choose htSNPs
when the number of htSNPs k is given. We build 100 sets of
htSNPs, T1 , T2 , ..., T100 , where each set has the information
of k randomly selected SNP sites. For each Ti , we calculate
the accuracy and choose the Tk∗ that maximizes the averaged
accuracy over all testing haplotypes. We repeats this random
sampling until k reaches 30 percents of the total SNPs in the
given data set.
The same procedure is also applied to two compared methods: the correlation-based prediction method used in Lin et
al. [16] and the majority-vote-based prediction method used
in Bafna, Halldörsson et al. [13], [14], and Halperin et al.
[15]. The correlation-based method predicts each tagged SNP
using the single htSNP whose correlation coefficient with the
tagged one is the highest. The majority-vote-based method
consists of two sequential procedures; (1) the haplotypes in
the training data, whose htSNP alleles are the same as those
of the predicted haplotype, are identified. (2) each tagged
SNP in the predicted haplotype is assigned the allele that
occurs most often in the haplotypes identified. The majorityvote-based prediction is done with four different options: 1)
using all htSNPs; 2) using only two nearest htSNPs as used
in Halperin et al. [15]; 3) using only htSNPs in 13-bounded
neighborhood as used in Bafna, Halldörsson et al. [13], [14];
and 4) using only htSNPs in 26-bounded neighborhood as
used in Bafna, Halldörsson et al. [13], [14].

A. Test Data and Evaluation
Three public data sets, ACE (angiotensin I converting enzyme) [23], LPL (human lipoprotein lipase) [24], and IBD5
(inflammatory bowel disease 5) [25] are used for evaluation.
Here we explain some genetic aspects of the data sets to
facilitate the understanding of their characteristics. Gene
diversity [26] measures the probability that two haplotypes
chosen at random from the sample are different. Pairwise
linkage disequilibrium (LD) between SNPs is estimated by
LD correlation coefficient [8] (i.e., ∆2 ). We use the χ2 test
with one degree of freedom in order to verify statistical
significance of the standardized LD parameter. Table I summarizes the genetic characteristics of these three data sets.
Firstly, ACE contains 78 SNPs stretched over a genomic
region of length 24 Kb on Chr. 17q23. Among 78 SNPs,
52 bi-allelic non-singleton SNPs are analyzed. Genotyping
is done for 11 individuals, and haplotype phasing (i.e., computational process of deducing haplotypes from genotypes)
is done by PHASE [27]. The gene diversity is 0.876. Results
of the four-gamete test on pairs of SNPs reveal that 19.38%
pairs of loci show evidence for recombination or recurrent
mutation. The average LD is 0.32 with a standard deviation
0.34.
Secondly, LPL contains 88 SNPs genotyped from 71
father-mother-child trios in the human lipoprotein lipase
(LPL) gene. Haplotype information of this data is already
known, and the estimate of the gene diversity is 0.99.
Average LD is pretty low in this data set, since genotyping
is done from three different populations.
Finally, the third data set IBD5 contains 103 SNPs on Chr.
5q31 spanning 500 Kb with an average spacing of 1 to 133
Kb. The total of 129 father-mother-child trios from Europeanderived population is genotyped. Haplotype phasing is done
by GERBIL [28], and the gene diversity of IBD5 is estimated
as 0.98.
Each haplotype has a different occurrence frequency in a

TABLE I
T HE G ENETIC C HARACTERISTICS OF T HREE D ATA S ETS
Candidate Gene

ACE

LPL

IBD5

SNP No.

53

88

103

Haplotype No.

22

142

258

Gene Diversity

0.876

0.991

0.724

LD Mean (STD)

0.32 (0.34)

0.06 (0.156)

0.124 (0.174)

TABLE II
P- VALUE S UMMARY OF T-T ESTS (α = 0.01)
Data

ACE

LPL

IBD5
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Compared Method
Correlation
Majority vote
Maj. 2 nearest
Maj. 13 nearest
Maj. 26 nearest
Correlation
Majority vote
Maj. 2 nearest
Maj. 13 nearest
Maj. 26 nearest
Correlation
Majority vote
Maj. 2 nearest
Maj. 13 nearest
Maj. 26 nearest

Neural Network Model
6.7058e-016
8.3855e-009
2.1681e-011
3.3901e-009
2.4763e-008
3.6256e-020
4.1656e-008
1.7744e-018
4.9208e-009
4.4456e-008
9.8103e-023
7.1970e-008
4.3001e-014
0.2613
6.2719e-006

1

0.95
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0.9

0.9
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Prediction Accuracy
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Fig. 3.

Prediction accuracy results with ACE data set.
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whether the difference between the performance of our
method and that of the compared methods is significant.
Using a significance level of one percent, all the performance
differences except for one case with IBD5 data set were
verified to be significant. Table II reports the p-values of
these T-tests.
Moreover, the prediction accuracy of our approach shows
positive correlation with the number of htSNPs in general.
This type of robustness is an intuitively desired property of
any prediction algorithm to be used in the htSNPs selection
problem, as we expect to predict haplotypes more accurately
when we are given more clues. Neither of compared methods
seems to meet this requirement, as their performance rapidly
decreases with increasing number of htSNPs (in majority
vote based methods), or stays at the relatively low level (in
the correlation based method).
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IV. D ISCUSSION

Prediction accuracy results with LPL data set.

data set. For example, a specific haplotype in the IBD5 data
set appears 134 times, while the other haplotypes typically
occur just once or twice. In order to avoid bias during the
learning phase, we build a training set with only unique haplotypes in a given data set, and later adjust their occurrence
frequency when calculating the prediction accuracy.
B. Test Results
For the first two data sets, our approach clearly outperforms all the other compared methods in terms of the
prediction accuracy, regardless of the number of htSNPs.
These results are illustrated in Figure 3 and Figure 4.
With the third data set IBD5, our approach shows similar
performance with majority vote methods when the number
of htSNPs are relatively small. However, it overcomes the
other methods along with the number of htSNPs increasing,
as shown in Figure 5. We performed the T-test to examine

Haplotype tagging SNP (htSNP) selection provides the
most practical framework for conducting large-scale diseasegene association studies. In general, it can yield about 2-10
fold savings in the genotyping efforts with little loss of power
in subsequent association studies [29], [30]. However, despite
of its importance in current biomedical research, artificial
neural networks have never been applied in the context of
htSNP selection.
In this paper, we have presented a novel prediction system
for htSNP selection based on a neural network model. The
evaluation results demonstrate its superiority compared to
two state-of-the-art prediction methods in terms of prediction
accuracy and robustness.
As for future research directions, we plan to improve our
system to efficiently handle: 1) rare haplotypes; 2) uncertainty in haplotype data; and 3) small sample size. Firstly,
our prediction system performs well for common haplotypes
or common SNPs but not for rare ones. Common variations
are of interest because many common human diseases have
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been explained by common DNA variations rather than by
rare ones [31]. Furthermore, practically, a much larger sample
size is needed to identify rare haplotypes [32]. However, it
is still an open question whether common variations or rare
ones influence the susceptibility to common and complex
disease.
Second, currently we use haplotype data to predict the
alleles of the tagged SNP. Thus, when only genotype data are
available, haplotype phasing is performed on the genotype
data, and the identified haplotype data are used as an input
to our system. However, haplotype phasing may lead to incorrect resolution. To address this, some statistical algorithms
produce multiple solutions along with their uncertainty, or the
distribution of haplotype pairs for each genotype rather than
a single resolved pair. We plan to incorporate this uncertainty
of inferred haplotype data in our system.
Finally, only a small number of haplotypes are currently
available for htSNP selection. Thus, to ensure that our
prediction system built from a given haplotype sample works
well for other samples from the same population, methods
that can avoid over-fitting of the given data set should be
considered as well.
What comprises the best htSNP selection strategy is still
an open problem [29], and no standard evaluation measure
has been established yet. Owing to its stable performance, we
envision that our prediction system can be used as a common
testbed for evaluating the performance of different selection
approaches. Most of all, we consider our approach as a step
further to challenging the htSNP selection problem.
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