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ABSTRACT

Motivation: The search for genetic regions associated with
complex diseases, such as cancer or Alzheimer's disease, is
an important challenge that may lead to better diagnosis and
treatment. The existence of millions of DNA variations, primar-
ily single nucleotide polymorphisms (SNPs), may allow the fine
dissection of such associations. However, studies seeking dis-
ease association are limited by the cost of genotyping SNPs.
Therefore, it is essential to find a small subset of informative
SNPs (tag SNPs) that may be used as good representatives
of the rest of the SNPs.

Results: We define a new natural measure for evaluating the
prediction accuracy of a set of tag SNPs, and use itto develop a
new method for tag SNPs selection. Our method is based on a
novel algorithm that predicts the values of the rest of the SNPs
given the tag SNPs. In contrast to most previous methods, our
prediction algorithm uses the genotype information and not
the haplotype information of the tag SNPs. Our method is very
efficient, and it does not rely on having a block partition of the
genomic region.

We compared our method with two state-of-the-art tag SNP
selection algorithms on 58 different genotype datasets from
four different sources. Our method consistently found tag
SNPs with considerably better prediction ability than the other
methods.

Availability: The software is available from the authors on
request.
Contact: kgad@tau.ac.il

1 INTRODUCTION

Most of the genetic variation among different people can b
characterized by single nucleotide polymorphisms (SNPs
which are mutations at single nucleotide positions tha
occurred during human history and were passed on througﬂ
heredity. Most of these SNPs are biallelic, i.e. only two
bases (alleles) are observed across the population at sug
sites. It has been estimated that there are about 7 million

*To whom correspondence should be addressed.

common SNPs (i.e. SNPs with minor allele frequency of at
least 5%) in the human genome (Kruglyak and Nickerson,
2001; Botstein and Risch, 2003). Alleles of SNPs in close
physical proximity to each other are often correlated, and
the variation of the sequence of alleles in contiguous SNP
sites along a chromosomal region (haplotype) is known to
be of limited diversity. The identification and analysis of
haplotypes, currently a major effort of the international com-
munity (http://www.hapmap.org/), is expected to play a key
role intraitand disease association studies (Matth , 2000;
Morris and Kaplan, 2002).

The objective of disease association studies is to find genetic
factors correlated with complex disease. In these studies, the
DNA of individuals from two populations (healthy individuals
and carriers of the disease) is sampled. Then, discrepancies in
the haplotype structure of the two populations are revealed by
various statistical tests. These discrepancies serve as evidence
for the correlation of the genomic region studied with the
disease.

Clearly, the statistical significance of the study is directly
affected by the number of individuals typed. The total cost
of the study is also affected by the number of SNPs typed.
Therefore, to save resources, one wishes to reduce the num-
ber of SNPs typed per individual. This is usually done by
choosing an appropriate small subset of the SNPs, called tag
SNPs, that could predict the rest of the SNPs with a small error.
Thus, when performing a disease association study, the genet-
icist would experimentally test for association by considering
only the tag SNPs, thereby considerably saving resources (or
increasing the power of the statistical tests by increasing the

éwumber ofindividuals). Hence, a key problem s to find a set of

tag SNPs of minimum size that would have a very good predic-

fion ability. In this paper, we propose a new method, selection

f tag SNPs to maximize prediction accurasyAMPA) that
finds a set of tag SNPs given a genotype sample taken from a
gt of unrelated individuals.

Finding a high-quality set of tag SNPs is a challenging task
for several reasons. One of the main challenges is that the
haplotype information is usually not given, and instead we

The authors wish it to be known that, in their opinion, the first two authors9€t the genotypes. As opposed to haplotypes, the genotypes

should be regarded as joint first Authors.

give bases at each SNP in both copies of the chromosome,
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but lack the phase, i.e. information as to the chromosome on We compared our algorithm with two state-of-the-art tag
which each base appears. Owing to technology constraint§NP selection algorithms: IdSelect (Carlsmal., 2004) and
most sequencing techniques provide the genotypes and nbiapBlock (Zhanget al., 2004). Our experiments show that
the haplotypes. There are however, computational tools th&®TAMPA consistently outperforms both these methods. On the
use the correlations between neighboring SNPs in order taverage IdSelect uses ten times more tag SNPsSthavPA
predict the phase information. Their accuracy depends on thie order to achieve prediction accuracy of 90%. Our algorithm
proximity and correlation of the tagged SNPs. When a set ofvas also more accurate than HapBlock on each of the 58
tag SNPs is chosen and then tagged, the rest of the SNPs atatasets, sometimes byl5%. Moreover, the running time
not measured and instead must be predicted from this inforref STAMPA was much less than HapBlock. For example, on
ation. The accuracy of such prediction is limited, since thechromosome 5931 dataseTAMPA was faster by a factor of
correlation between the tag SNPs is not necessarily as stror@y. Such advantage will be more prominent on future larger
as the correlation between SNPs that are in close proximitgatasets.

to each other. One of the advantages of our tag SNPs pre-

dictor is that it only uses the genotype information and doe PROBLEM FORMULATION

not require knowledge of the haplotypes of the tag SNPs. Wey, order to present our method, we first formalize the problem
use the phase information in a reference training set to selegf tag SNPs prediction. We first need to introduce some nota-
the tag SNPs, and subsequently predict the other SNP valuggns and definitions. Since we are only interested in biallelic
in a test individual on the genotype of that individual for the gNps, we assume that each haplotype is represented by a bin-
tag SNPs only. To the best of our knowledge, all extant proyyy string. Thus, a haplotype of lengthis a sequence over
grams that aim to explicitly predict individual SNPs use therg 1y A genotype of lengthm is represented by {0, 1, 23
haplotypes of the tag SNPs. _sequence, where 0 and 1 stand for the homozygous t9p@ls
Another issue that is crucial in the search for tag SNPs iging(1, 13, respectively, and 2 stands for a heterozygous type.
the definition of an adequate measure of the prediction qualy/e are given a set of genotypeses, ..., g, of lengthm
ity. Many of the current tag SNP selection methods partitionggch. We usg;; to denote thej-th component (0, 1 or 2)
the region into blocks of limited diversity (e.g. Zhasigal., o the vectorg;. A phasing of a genotype; is a pair of hap-
2002, 2003, 2004), and find a set of tag SNPs that aims to Protypes,hl, h? € {0, 1}, such thatl, # h?, if g, =2 and
dict the common haplotypes of each block. There are varioug:  _ h ’ ’
disadvantages to such methods, most apparent is the lack %ﬁlaen
cross-block information and the dependency of the tag SNPs
choice on the block definition. We propose here a new naty
ural measure, prediction accuracy, which directly evaluate
the average SNP prediction quality.
There is a large body of research on finding a highly pre
dictive set of tag SNPs (Zhargyal., 2002; Avi-ltzhaket al .,
2003; Bafnaet al., 2003; Carlsoret al., 2004; Pe’ert al.,

2, =gix if gix €{0, 1}. We also use the notatiqy )

ote thg-th SNP in genotype.

Consider a genomic region that spans a setz0BNPs.

he frequencies of the genotypes in that region across the
Bntire populations are given by some unknown distribution
function Pg; € G), where G is the sample space of all
‘genotypes in the population. A prediction algorithm is a func-
tion £:{0,1,23"' — {0,1,2™. Informally, the prediction

algorithm uses the genotype values of the tag SNPs in order

2004). In contr.ast to mgst previous methods, our methOd US&3 predict the values of the rest of the SNPs. For a given vec-
the genotype information for the tag SNP selection. Zhanqorq € {0, 1,2 of tag SNPs values, let; (¢) denote thej-th

€t al. (2004) have also used genotypes information for taQ:omponent of that vector. Note thg} refers to the com-
SNP selection. However, their study selects the SNPs so as Qnents of the predicted vector of all SNPs given the
maximize haplotype d_ivers_ity, ar_ld.given the genotypes ofth<§ag genotypesg. Finally, letzy :{0,1,2™ — {6,1,2’ be
tag SNPs in a tested '”d""d“f"" I mfers_ t.)|°CkS and COMMON, 0 restriction of the genotype to the tag SNPs position. For
haplotypes, but does not predict the individual SNPs. Anmhefnstance for a set of tag SN#s= {1, 3, 5, § the restriction
key difference between our method and previous ones is thaf ge7notypgz» 0122010 i&r(g-s _ 0’201
we do not rely on any block partition. ! ! '
We performed extensive tests STAMPA on genotypes
from a variety of sources. Our tests covered 58 datase
from four sources: HapMap project http://www.hapmap.org
ENCODE project http://www.hapmap.org, Dadyal. (2001),
and Gabriekt al. (2002). We show that usir§TAMPA, very

Our goal is to find a minimum size set of tag SNPs and a
Hprediction algorithm, such that the prediction error is minim-
iZed. Formally, for a givem, our objective is to find a set of
tag SNPsT of sizer and a prediction functiorf, such that
the following expression is minimized.

accurate results are achieved. For example, only 17 tag SNPs “ .

out of 103 SNPs (16.5%) suffice to attain prediction accuracy = Z PrLfj(zr (8)) #8(D], )

of 95% in the data of Dalgt al. (2001). Our method is also j=1

very efficient: runs on aregular PC required seconds to severathere the probability is over the sample space given by
minutes on all datasets. Pr(g € G). In other words, for a randomly picked individual
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ALGORITHM Predict( ,jl,jz,al,az)

Input: i, j1, j2 €{1,...,m}, anday,as € {0, 1, 3.
Output: An integerv € {0, 1, 2 which is a predicted value of a SNP in positigrgiven that in positiory; and j, the values are
a1 anday respectively.

1. For every(x, y,z) € {0, 1}® we letC(x,y,2) ={(j, p) | hfjl :x,hj.’j2 :%hf; =z} be the set of haplotypes having the
valuesx, y, z in positionsji, i and j, respectively.

2. LetA(x,y)=z€{0, 1}, where|C(x,y,z)| > |C(x,y,1— z)| breaking ties arbitrarily.

3. Lete(x,y)=|C(x,y,0)| + |C(x,y,D)].

4. We compute the values of two variables using the following case analysis.
e If a3 <2 anday < 2, then we set =y = A(ay,a2).

e Ifag=2,a,=2andc(0,0) - c(1,2) >¢(0,1) - ¢(1,0), thenx = A(0,0) andy = A(L, D).

o Ifag=2,a,=2andc(0,0)-c(1,2) < (0,1 -c(1,0), thenx =A(0,1) andy = A(1,0).

o lfag=1,ap=2(a2=1,a1=2),thenwe set = A(1,1) andy=A(1,0) (y =A(0,D)).

e If ag=0,a2=2 (a2 =0, a; =2), then we set = A(0,0) andy =A(0,1) (y=A(1,0).
5. If x # y output 2, else output.

Fig. 1. The procedure Predict. We implicitly assume that the training set and its phase are given. The varallescomputed by the
case analysis represent the majority votes for the two haplotypes induced by theayalnds,. Note that the output value is determined by
simply counting the frequencies of different partial haplotypes in the training set that maaclda, and taking the majority vote.

from the population, we want to minimize the expectedThus, our prediction function predicts an SNP value using
number of prediction errors. only the values of the two closest tag SNPs to this SNP.
The main problem in achieving this goal is that the fre-To be precise f;(z7(¢)) = (g, &/, 8),), Where ji and j»
quencies of the genotypes in the population are unknowrare the closest tag SNPs o on both sides, if possible.
Therefore, we use a training dataset of genotypes,. ., g, Although many biological studies support this assumption,
in order to learn the distribution of genotypes in the datait clearly does not hold for all SNPs or in all datasets.
For a given prediction algorithnfi : {0,1,2" — {0, 1, 2™, However, the assumption is a rather faithful approximation
we are interested in finding a set of tag SNPsof size  of the reality in most cases. As we shall show in Section 5,
t, such that expression (1) is minimized when the genousing this assumption we achieve very high-prediction
type is randomly picked from the training set. Formally, if rates.
Xr=WG.j) | gi;# filzr(g)}, whereg; ; isthej-th SNP Given a set of tag SNPE = (s1,...,s;), we use the pro-
of g;, then we are looking for a s&t of SNPs of size such  cedure Predict given in Figure 1 to predict the value of
that X7 is minimized. The resulting prediction rate of the tag SNPi given the value of the tag SNPs. We assume that we
SNPs depends both on the prediction functjpand on the are given the training set of genotypgs ..., g, together

choice of the tag SNPs. with their corresponding haplotypé$, 22, h3, ..., h2, where
ki =(h},,...,h],)€{1,2™ for j=1,2. The haplotypes
3 THE PREDICTION ALGORITHM can be computed from the genotypes using a variety

of available algorithms (Kimmel and Shamir, 2005; Eskin

In this section we present our prediction algorithm. The i i
algorithm is based on the observation made by several bioldt al., 2003; Stephens and Donnelly, 2003; Greenspan and

gical studies, that the correlation between SNPs tends to dec(%/i'ge,r' 2083)' . . .~ beth . fth SNP
as the physical distance increases (Galetial., 2002; Bafna etjiandje, ji < i < jz2 be the positions of the tag SNPs
etal., 2003; Dalyet al., 2001; Kimmel and Shamir, 2004). We clos_e_st tg pos.ltlom oq both ;ldes. If there is no tag SNP in
assume that given the genotypes values of two SNPs, the pro&‘-os't'(?n]2 > J’Sthen.” andp are therl]ast two iNPS’ ar;]d i
abilities of the values at any intermediate SNPs do not changf ereis no tag T]P in posdltloji < j thenjy andj; are the
by knowing the values of additional distal ones. Formally, this''St W0 SNPs. The procedure Predicy, jz, a1, az) uses a
assumption can be stated as: majority vote in order to determine which value is more likely
' to appear in position given that positiong; and j, have the
valuesa; €{0,1,2 anday €{0,1, 3, respectively. In order
to use the phased information given by the model, we use
Prigis =v|gia, &ipl = Prigis =vIgia) &ibs&iql two majority votes to determine the two different alleles. For

Vsia<s<b,Vqg.q <aorqg >b, Vve{0,1,3, Vi:
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instance, ifa;1 =0 anda, =2, we find the most likely allele Similarly, for score(m1,m2) we assume thati andmg
given that the alleles in positiong and j, are both 0, and are the first two tag SNPs, and define

another allele given that the alleles in positigasnd j» are

0 and 1, respectively. Further details are given in Figure 1. n me—1 i

Note that predicting SNPusing the procedure Predict makes score(my,mz)= ), > Xy'.

no use of most of the tag SNPs—we simply ignore all the tag

SNPs except for the ones closest to In this case, scopgm1,m>) is the total number of prediction
errors in SNPs 1,..,m2> — 1 when the first two SNPs are in
4 ALGORITHMS FOR TAG SNP SELECTION positionsim1, ms.
Recall that our goal is to find a set of tag SNPsof We next define the functiory that will be used in the
size ¢, such thatX7 is minimized, whereXr =|{(i,j) |  dynamic programming recursiofi(m*,!) is defined for > 2
gi,j #Predictyj, j1, j2. 8 j,» 8i,j»)}. We give two algorithms  and 1<m* <m. Forl < ¢, the function f(m*,[) rep-
for selecting the tag SNPs. Both algorithms use the predictiomesents the minimum number of prediction errors in SNPs
algorithm as a subroutine. The first is a polynomial algorithm1, 2,. .., m*, given that thé-th tag SNP is in positiom*. For
that guarantees an optimal solution. The second is a simplér=¢, the functionf (m*, ) represents the minimum number
and faster random sampling algorithm. We shall discuss theisf prediction errors in all SNPs 1, 2,., m given that the last
performance in Section 5. tag SNP is in positiom™*. Formally, we definef (m*, 1) in the
following way:

i=1j=1

4.1 An exact algorithm
We now describe an algorithm that solves this problem e Forl =1z, f(m*,1)=3"7_; >7_4 X}/ whenthe lasttag

to optimality. The algorithm, STAMPA, uses dynamic SNP is in positionn*.
programming. o o Fore > 122, f(m*, )= Y_; "5 X3/ when the
Let X" =1 if g;,; #Predictj, ji, j2. 8i .. 8i.;,) and let I-th tag SNP is in positiom*.

X!/ =0 otherwise. ClearlyX = >_:.j X3’ For every pair
of SNPsm1 < m» we next define three auxiliary score func-
tions, scorémq,mp), scorg(mi,mp) and scorg(mai,my),

It is easy to verify by the definitions gf and of score, scofe
and scorg, that the following recurrence relation holds:

which will be used in the dynamic program recursion. These MiNg <y <+ SCOTQ (M, M*), =2,

score functions evaluate the expected number of errors in a MIN_1 < < L f (', 1 — 1),

subregion (a contiguous set of SNPs), given a partial set of £ (;,* 1) = + scordm’, m*)}, 2] <t

the tag SNPs. We assume that, mo> € T and that for each MINy—1 < < { f (M, 1 — 1)

m1<j<my, j ¢ T.Then, we define + scorg (m’, m*)}, I=1.

Lot L We now apply dynamic programming in order to findthés\ialue
— ij
scoremy, mz) = Z Z X7 of f(m*,t) for everyt <m* <m, using the above recurrence

i=1j=m

relation. Sincef (m*, r) is the total number of prediction errors
Thus, scoréns, m») is the total number of prediction errors giventhatthe last tag SNP is in positiart, it is clear that the
in SNPsmy, ..., m — 1, given thatn, andm- are tag SNPs, Minimum value ofX7 over all possible sets of tag SNPs of
and that there are no tag SNPs betweenandmp. Since  SIZ€7 IS MiNgy+; <> <my f(m*,1). Using back pointers in the
the procedure Predict infers an SNP value by considerin§rocess, one can also find a set of tag SNPs minimixipg
only its neighboring tag SNPs, we can readily compute the 1 1 Complexity analysis We first compute the three
score, while disregarding the information on all the othergeqres for all() possible pairs of SNPs. For every pair the

tag SNPs. running time isO(mn). Hence, the total running time for
For scorg(m1, m2), we assume that, andm; are the last  hjs stage i) (m3n). We keep the scores in a matrix and we
two tag SNPs. Then, the score is defined as use that matrix in order to compufe Given the computed
W oom scores, for evernyn* <m, computingf (m*, 2) takesO (m*),
scorg (my, my) = Z Z X, so doing this for alin* takesO (m?). Similarly, computing

f(m*,i) for everyi < t,m* < m takesO (m?t). Finally, com-
puting f (m*, 1) for everym* <m takesO (m?). Sincet <m
Thus, scorg(m1,my) is the the total number of prediction the total running time i€ (m°n).

errors in SNPsn1,...,m when the last two SNPs are in  Ifthe number of SNPs s large (even in the hundreds), arun-
positionsm1, m». Again, since Predict only uses the closestning time of O (m®n) is very expensive. However, in practice,
tag SNPsin orderto compute the SNP values, we can computke correlation between SNPs is decaying when the phys-
scorg independently of the locations of the rest of the SNPsical distance between the SNPs increases. Put differently, tag

1:1]:m1
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SNPs tend to predict well other SNPs in the same or neigh- « Genotypes from the HapMap project (http://www.

boring block, but not farther away. Thus, having a very large  hapmap.org). We used three sets of SNPs spanning
distance between neighboring tag SNPs yields poor prediction the three genes PP2R4, STEAP and TRPM8. For each
power. Hence, in most practical cases one can use a lbaamd of these genes we took the HapMap SNPs that are
the maximal distance in SNPs between neighboring tag SNPs.  spanned by the gene plus 10kb upstream and down-
¢ will depend on the SNP typing density and will typically stream. The resulting sets contain 39, 23 and 102

not exceed 20 or 30. In such a case, computing $eqreny) SNPs. In this dataset we used the genotypes of the
take O (mc?n) and computing scogend scoretake O (c3n). parents.
Computingf (m*, i) for eachi takesO (mzc). Thus, the total )
running time isO (mtc + mc?n) = O (mc(cn +1)). 5.2 Implementation

STAMPA was implemented in C. All reported runs used a
4.2 Random sampling Linux operating system on a 4 Ghz PC using 500 M cache.

In some cases we are interested in finding quickly a very smaffunning times are discussed below (Fig. 3 and Table 2).
number of tag SNPs that roughly predict the rest of the SNPs, The Predict procedure requires a phased training set.
i.e. we are willing to give up some of the prediction power if TO obtain that solution when applyin§TAMPA, we used
we can get a very small number of tag SNPs. In these caselle GERBIL algorithm (Kimmel and Shamir, 2005). Run-
the assumption that the tag SNPs are close to each other canf?d times for phasing using GERBIL were almost always
be made, sinceis very large, and the exact algorithm may be <1 min. The dataset of Dalgt al. (2001) required the most
too slow. We therefore suggest a very simple and much moréime, ~2min. These times are not included in the reporting
efficient algorithm that does not guarantee optimal results. 0elow.

The algorithm is as follows: We generate 100 sets_, of tags.s Exact solution versus random sampling
SNPs,T1, T», . . ., Thoo, €ach generated by randomly picking algorithm
t positions out of then possible positions. We then compute
Xp fori=1,2,...,100, and we choose the set of tag gNpsWe first measured the prediction accuracy of the two

T; that minimizesX7,. This algorithm is very naive, but we @lgorithms in Section 4. F®TAMPA, we used: =30 as the

show that it gives reasonable results in practice. upper bound of distance between tag SNPs. The experiments
were performed in a leave-one-out manner: We repeatedly
removed one of the genotypes from the set, used the remain-

5 RESULTS ON BIOLOGICAL DATASETS ing genotypes as the training set in order to find a set of tag

5.1 Description of the datasets SNPs, and used these tag SNPs in order to predict the other

We used four datasets encompassing 58 different genom%NPS in the removed genotype. .

regions The results show th&#TAMPA uses very few tag SNPs in

' order to predict the other SNPs with high confidence. For
. example, in chromosome 5031 dataset (Detlyl., 2001),
* A dataset from the works of Dalgt al. (2001). In this typing 2 SNPs suffices to predict all the 103 SNPs with 80%

study, genotypes for 103 SNPs, from a 500 kb region . 0
of chromosome 5q31, were collected from 129 mother 2ccuracy, 6 SNPs are needed to achieve 90% and only 17 SNPs

L . . need to be typed for 95%.
father and child trios from European derived population . .
. . . o L The results of the comparison of the two algorithms are sum-
in an attempt to identify a genetic risk for Crohn’s disease.

We only used the population of children in this dataset. marized in Figure 2. As expected, in most CasEAMPA
was more accurate than the random sampling algorithm.

o Population D from the study of Gabrieal. (2002). The  However, when the number of tag SNPs is small, there is
data consistof 51 sets of genotypes from various genomig clear advantage for the random sampling algorithm. For
regions, with number of SNPs per region ranging from 13gxample, in Encode region ENr113, when less than 15 tag
to 114. The sets contained 30 mother, father, child triossNps are required, the prediction accuracy of the random
that were taken from a Yoruba'’s population, from which sampling algorithm was high. This gap can be explained
we only used the 60 genotypes of the parents. by the fact that when the number of tag SNPs is small, the

e Regions ENmM013, ENr112 and ENr113 of the ENCODEupper bound for the distance between tag SNPs is too restrict-
project (http://www.hapmap.org). These are 500 kbive for STAMPA. It is important to emphasize, that each of
regions of chromosomesg21.13,%16.3 and 426, the two algorithms has a parameter, that can be increased
which were collected from 30 trios. The number of SNPsto obtain more accurate results, but at the expense of lar-
genotyped in each region is 361, 412 and 515, (thusger running times. Such is the parameatén STAMPA, and
the density of the sample is 3-5 times greater than théhe number of samples in the random sampling algorithm.
density of Dalyet al., 2001). We used the 60 genotypes Although in our experiments we saw a clear advantage to
corresponding to the parents from each dataset. STAMPA, in some situations we expect the opposite to be true,
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Fig. 2. Prediction accuracy as a function of the number of tag SNPs used in the two selection algorithms. SIWPA, red circles,
random sampling algorithm.

e.g. when SNPs are genotyped with high density in a verprovide a prediction algorithm. Hence, in order to evaluate
long region and the number of tag SNPs is required to be verthe prediction accuracy of these algorithms, we had to choose

small. a prediction algorithm for each of them.
] IdSelect requires phased genotypes as input. We used
5.4 Comparisonsto extant methods PHASE (Stephens and Donnelly, 2003) to obtain the phas-

We chose to compare our algorithm with two recent algorithmsgng solution, since it is a widely used and highly accurate
for tag SNP selection that are widely used: IdSelect, arphasing program (Kimmel and Shamir, 2005). The output of
algorithm suggested by Carlse@hal. (2004), which uses a the program is sets of SNPs and for each one a subset of its
greedy approach, and HapBlock suggested by Ztearad. tag SNPs. SNPs in a set are not necessarily contiguous. We
(2004), which uses dynamic programming and a partition-used a majority vote of the tag SNPs inside each set as the
ligation EM subroutine to phase subintervals in the recurfprediction method of SNPs in this set. (This rule is equivalent
sion. Two additional tag SNP selection algorithms that werdo that of Predict in the case of two tag SNPs, with the key

reported in the literature (Bafnet al., 2003; Pe’eret al.,,  difference that Predict assumes a specific order of the two tag
2004) could not be included in the comparisons since theiBNPs and the predicted one.)
implementations were not available. HapBlock gets as input a genotype matrix and outputs the

In order to evaluate the prediction accuracy of a tag SNRag SNPs. There are several input parameters for this soft-
selection algorithm, one has to provide a prediction algorithmware, such as the algorithm for block partitioning and the
such as Predict. Unfortunately, IdSelect and HapBlock do notethod of tag SNP selection. Additional numeric parameters
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Table 1. Performance oS TAMPA and IdSelect. The number of tag SNPs needed in order to reach accuracies of 80 and 90% by each algorithm is listed

Dataset 80% accuracy 90% accuracy Total number of SNPs
STAMPA ldSelect STAMPA IdSelect

5031 2 64 6 91 103

Gabrielet al. 3.4(1.8) 41.6 (14.8) 12.1 (6.3) 51 (17.8) 55.6 (20.2)

ENmMO013 5 84 12 189 360

ENr112 9 97 17 169 411

ENr113 11 83 18 325 514

PP2R4 2 6 2 6 38

STEAP 2 20 2 22 22

TRPM8 3 38 6 53 101

For the data of Gabriedt al. (2002) the first number is the average over all 51 datasets, followed by the standard deviation in parentheses. See Figure 3 for more detailed results on

these datasets.
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Fig. 3. Performance o§TAMPA, IdSelect and HapBlock on each of the 51 genotyped regions in Gabakl (2002). Thex-axis is the

51 datasets in an arbitrary order; blue croSSFAMPA, red circles—the other algorithm. Comparison with ldSelect: the number of tag SNPs
found by the algorithm to reach an accuracy of 8@gw@nd 90% ). Comparison with HapBlock: prediction accuracy &nd running times

(d) of the algorithms on each dataset.

are required, e.g. a threshold for common haplotypes. W order to reach accuracies of at least 80 and 90%. Since
used the default values presented in the software manutthe input format of IdSelect does not allow specifying the
(http://www.cmb.csu.ede/msms/HapBlock). Since theinput number of tag SNPs, but rather the Pearson correlation value
to this program is unphased genotypes and no predidsetween the tag SNPs and the predicted SNPs, we searched
tion algorithm was suggested, we used our own predictiorior the minimal Pearson correlation value needed in order
algorithm (Section 3) to measure the accuracy of tag SNP® reach 80% (or 90%) accuracy. Reducing the value of the
chosen by the algorithm. Pearson correlation results in a smaller number of tag SNPs.

In Table 1 and in Figure 3 we give a summary of the com-Our experiments show th&TAMPA consistently outperforms
parison of STAMPA with IdSelect. In each of the methods, IdSelect. On average, IdSelect uses 10 times more tag SNPs
we searched for the minimal number of tag SNPs needethanSTAMPA in order to reach an accuracy of 90%.
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Table 2. Prediction accuracy and running timesSSFAMPA and HapBlock

Dataset Number of Prediction accuracy Running times (s)

tag SNPs STAMPA HapBlock STAMPA HapBlock
5g31 17 0.949 0.889 179 17311
ENmO013 15 0.929 0.759 78 8710
ENr112 33 0.939 0.822 87 3810
STEAP 3 0.951 0.763 3 5
TRPM8 12 0.942 0.811 34 140
Gabrielet al. 16.9 (6.5) 0.932 (0.019) 0.88 (0.04) 1282 20131

The number of tag SNPs is determined according the output of HapBlock software, using its default parameters. No comparison could be perforh@diondaNapBlock gave

no solution due to memory overload. The gene PP2R4 was dropped since HapBlock outputs only one tag SNP for that gene, so comparison was meaningless. For the data of Gabriel
et al. (2002) the first number is the average over all 51 datasets, followed by the standard deviation in parentheses; running times are totals over all 51 datasets. See Figure 3 for more
detailed results on these datasets.

In Table 2 and Figure 3 we give a summary of the comparprogramming approach, HapBlock solves many phasing sub-
ison of STAMPA and HapBlock . We used the same numberproblems in the dynamic programming recursion, determines
of tag SNPs generated by HapBlock to select tag SNPs witthe blocks and selects the tag SNPs in each block. In contrast,
STAMPA. In all the 58 datasetSTAMPA was more accur- STAMPA uses phased data for the training setand then employs
ate. Moreover, the running time 8ffAMPA was much less only the much simpler and faster prediction algorithm in the
than HapBlock. For example, on chromosome 5q31 datasetecursion. This is the reason the latter algorithm is much faster.
STAMPA was faster by a factor of 97. Such advantage will be We presented two tag SNP selection algorithms, one based
more prominent on future larger datasets. on dynamic programming and the other based on random

sampling. The dynamic programming algorithm guarantees

an optimal solution in polynomial time, but may be prohibit-
6 DISCUSSION ively slow in practice when the number of tag SNPs is large.
In this paper, we have defined a novel measure for evaluating practical compromise that we used is to limit the distance
the quality of tag SNP selection. The measure we use, présetween neighboring tag SNPs. Under this restriction optim-
diction accuracy, has a very simple and intuitive meaning: it@ality is not guaranteed anymore, but our results using over
aims to maximize the expected accuracy of predicting untype80 different genotype sets show that accuracy is very good in
SNPs, given the unphased (genotype) information of the tagiost cases even with a modest distance bourd30). The
SNPs. The prediction itself is done using a simple majoritydistance-bounded dynamic programming approach usually
vote. By making an additional natural approximate assumpprovides better results than the random sampling approach.
tion that SNP values can be determined best based on tHehese findings are consistent with the report in Zheing) .
values of their nearest tag SNPs on each side, the predictiq2004), where a different criterion (power) was used to
becomes quite simple, and the optimal selection of tag SNPavaluate random sampling and HapBlock performance on
can be done in polynomial time. simulated data. However, the random sampling algorithm is

We presented a method for tag SNPs selection and for SN¥&ery efficient, and therefore we believe that it may be useful
prediction based on the genotype values of the tag SNPs. Oiur some specific situations, e.g. on large datasets where a very
selection method, calleSiTAMPA, is unique in its treatment sparse set of tag SNPs is sought.
of the prediction part. Most extant methods for tag SNP selec- In comparison with another tag SNP selection algorithm,
tion (Zhanget al., 2002; Avi-ltzhaket al., 2003; Bafnaet al.,  ldSelect (Carlsomt al., 2004),STAMPA consistently obtained
2003; Carlsoret al., 2004; Pe’ekt al., 2004) rely on haplo- higher accuracy. This is not surprising, since IdSelect uses
type information that is often not readily available in real life a simple greedy approach. Interestingly, even the random
scenarios. One exception is the HapBlock algorithm (Zhangampling approach outperformed IdSelect (data not shown).
et al., 2004), which selects the tag SNPs based on the gentdSelect has the added flexibility to select tag SNPs for non-
types and not on the haplotypes. However, HapBlock selectsontiguous sets of SNPs, and thus may have an advantage
the tag SNPs in order to maximize diversity of the commonoverSTAMPA in the cases where the LD does not decay with
haplotypes in blocks, and it is not clear whether this methodlistance.
could be easily extended to an SNP prediction algorithm using What is the best measure for selecting tag SNPs? The
genotype data for the tag SNPs. answer is still not clear, and also depends on the context.

Another difference betweeSTAMPA and HapBlockisinthe We propose here the expected prediction accuracy, and show
use of phasing: Although both methods employ the dynamid¢hat under reasonable assumptions it yields an efficient and
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accurate method for selection. All the same, other criteriaGabriel,S.B., Schaffner,S.F., Nguyen,H., Moore,J.M., Roy,J.,
have been proposed. If the ultimate goal is to detect disease Blumenstiel,B.,  Higgins,J.,  DeFelice,M.,  LochnerA,,
association, the power of a selection method may be evaluated Faggart,M., et al. (2002) The structure of haplotype blocks
using this criterion. We intend to explore the poweSDAMPA in the human genoméxience, 296, 2225-2229.

in disease association in the future. Another objective may b&'¢enspan.G. and Geiger,D. (2003) Model-based inference of hap-
to maximize the distinction between common haplotypes in 0P block variation. InProceedings of the Seventh Annual
blocks. STAMPA does not provide common haplotypes and International Conference on Research in Computational Molecu-

. . o lar Biology (RECOMB 03). The Association for Computing
does not assume any block structure, which simplifies the Machinery, pp. 131-137.

algorithmic? but may be viewed as a disadvf"mtage- Our workimmel,G. and Shamir,R. (2004) Maximum likelihood resolution
shows that if the expected number of errors is of interest, then of multi-block genotypes. IfProceedings of the Eighth Annual
our algorithms provide more accurate prediction compared International Conference on Research in Computational Molecu-

with the existing algorithms. lar Biology (RECOMB 04). The Association for Computing
Machinery, pp. 2-9.
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