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ABSTRACT

The present study introduces new haplotype sharing transmission/disequilibrium

tests that allow for random genotyping errors. We evaluate the type I error rate

and power of the new proposed tests under a variety of scenarios and perform a

power comparison among the proposed tests, the HS-TDT and the single-marker

TDT. The results indicate that the HS-TDT shows a significant increase in type

I error when applied to data in which either Mendelian inconsistent trios are re-

moved or Mendelian inconsistent markers are treated as missing genotypes, and

the magnitude of the type I error increases both with an increase in sample size

and with an increase in genotyping error rate. The results also show that a simple

strategy, that is, merging each rare haplotype to a most similar common haplo-

type, can control the type I error inflation for a wide range of genotyping error

rates, and after merging rare haplotypes the power of the test is very similar to

that of without merging the rare haplotypes. Therefore, we conclude that a sim-

ple strategy may make the HS-TDT robust to genotyping errors. This strategy

may also be applicable to other haplotype-based TDT tests.
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1. Introduction

The transmission/disequilibrium test (TDT) (Spielman et al. 1993) and the

allied tests have become popular tools for testing genetic linkage and association

between a marker and a susceptibility locus. It is now widely accepted that the

study of multi-marker haplotypes will likely yield more genetic information than

the study of a single marker. Therefore, several authors have proposed TDT-type

tests using multi-marker haplotypes (Lazzeroni and Lange 1998; Merriman et al.

1998; Clayton and Jones 1999; Clayton 1999; Rabinowitz and Laird 2000; Zhao

et al. 2000; Seltman et al. 2001; Li et al. 2001; Bourgain et al. 2000, 2001,

2002). One negative feature of the haplotype-based tests is that the number of

haplotypes will increase rapidly with the number of markers. A large number

of haplotypes and, thus, a large number of degrees of freedom will limit the

power of the haplotype-based TDT tests. Recently, Zhang et al. (2003) proposed

a Haplotype-Sharing TDT (HS-TDT) that uses the information of similarities

between the haplotypes to reduce the degrees of freedom. The degrees of freedom

(in a broad sense) of the HS-TDT increases linearly with the number of markers

instead of with the number of haplotypes. Simulation results show that, in most

cases, the HS-TDT is more powerful than the single marker TDT.

Similar to most of the other TDT-type tests, the HS-TDT assumes that the

genetic data are without genotyping errors. In practice, genotyping errors can

occur for many reasons, including sample swaps in the lab, pedigree errors such as

non or incorrectly specified relationships, and technology failures. Much attention

has recently been paid to methods for detecting genotyping errors (Lincoln and

Lander 1992; Brzustowicz et al. 1993; Ott 1993; Lunetta et al. 1995; Ehm et

al. 1996; Stringham and Boehnke 1996; Ghosh et al. 1997; O’Connell and Weeks

1998, 1999; Douglas et al. 2000, 2002; Ewen et al. 2000) and evaluating the

effect of undetected errors on genetic analysis (Gordon and Ott 2001; Akey et al.
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2001; Heath 1998; Knapp and Becker 2004; Mitchell et al. 2003). There are only

a few recent papers that consider methods allowing for errors in linkage analysis

(Goring and Terwilliger 2000a, 2000b, 2000c, 2000d) and LD analysis (Gordon et

al. 2001).

As noted by Gordon et al. (2001) and Mitchell et al. (2003), genotyping errors

may lead to an inflated type I error rate for the single-marker TDT (Spielman

et al. 1993), and Gordan et al. (2003) has proposed a new TDT test (TDTae)

that allows for random genotyping errors by incorporating an error model into

a likelihood-based linkage disequilibrium analysis. Recently, Knapp and Becker

(2004) has pointed out that genotyping errors also lead to an inflated type I error

rate for the HS-TDT. The reason is that the transmitted haplotypes are partially

checked for genotyping errors by Mendelian inconsistency (MI), whereas there

is no such checking at all for nontransmitted haplotypes. As a result of the

unbalanced checking for genotyping errors, nontransmitted haplotypes appear

less similar than transmitted haplotypes, which may lead to an inflated type I

error rate for the HS-TDT. This is especially true for the case in which there

is only one child per nuclear family (Zhang et al. 2004). For the HS-TDT, the

simulation studies in Knapp and Becker (2004) and Zhang et al. (2004) show

that even quite small probabilities of genotyping errors (≤ 0.5%) can lead to a

dramatic inflation of the type I error. In this report, we propose several strategies

to modify the HS-TDT such that it can be robust to random genotyping errors.

We use simulation studies to evaluate the performance of the modified HS-TDTs

and the original HS-TDT (Zhang et al. 2003). Our simulation results show that,

after merging each rare haplotype to a most similar common haplotype, the HS-

TDT has correct type I error rate for a wide range of genotyping error rates, and

the power is very similar to that of the HS-TDT in which rare haplotypes are not

merged. We conclude that using such method to modify the HS-TDT can make
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it robust to genotyping errors and thus make the HS-TDT more practical.

Background of HS-TDT

Suppose n nuclear families are sampled with ti children in the ith family and

L tightly linked markers are typed both for the children and for the parents. Let

yik denote the trait value of the kth child in the ith family (for qualitative trait,

y = 1 and y = 0 denote affected and unaffected status, respectively). For each

haplotype H, Zhang et al. (2003) began by defining a Haplotype-Sharing (HS)

score at the lth marker as

XH(l) =
1

4n

nX
i=1

4X
j=1

SH,Hij(l),

whereHi1, . . . , Hi4 denote the four parental haplotypes in the ith family; SH1,H2(l)

is the Haplotype Length (HL) similarity between haplotypes H1 and H2 at the

lth marker, which is defined as the length of the contiguous region around the lth

marker over which the two haplotypes are Identical By State (IBS). As pointed

out by Zhang et al. (2003), it is expected that, around the disease locus, the

HS score will be larger for a haplotype with disease mutation than that for a

haplotype without disease mutation.

At the lth marker, let Xi1(l), . . . , Xi4(l) denote the HS scores of the four

parental haplotypes of the ith family. For the kth child in the ith family, let xik(l)

denote the difference of HS scores between the transmitted and nontransmitted

haplotypes. For example, among the four parental haplotypes Hi1, . . . , Hi4, Hi1

and Hi2 are transmitted to the kth child, then xik(l) = Xi1(l) +Xi2(l)−Xi3(l)−

Xi4(l). Furthermore, define Ui(l) as

Ui(l) =
1

ti

tiX
k=1

(yik − c)xik(l),

where c = 0 for the case that trait value is qualitative and only affected children

and their parents are sampled, and c = y = 1
n

Pn
i=1

1
ti

Pti
k=1 yik for all other cases.
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The HS-TDT statistic is defined by

U = max
1≤l≤L

|U(l)|,

where U(l) =
Pn

i=1 Ui(l), and the p-value of the test is evaluated by the permu-

tation procedure.

The above mentioned test procedure assumes that the multi-marker haplo-

types of both parents and children are known. In the case of ambiguous haplo-

types, the first step to use the HS-TDT is to estimate haplotype frequencies by

the expectation-maximization algorithm incorporating family information (Chen

and Zhang, 2003). Zhang et al. (2003) proposed two different methods to make

use of estimated haplotype frequencies in case of ambiguous phase information

in the families of the sample: (1) each ambiguous family is assigned its most

likely haplotype configuration and (2) each possible haplotype configuration of

an ambiguous family is weighted by its relative likelihood.

Methods to control Type I error inflation due to random genotyping

errors

Merging Rare Haplotypes

When we consider tightly linked markers within a candidate gene, the LD

between markers is expected and thus the total number of haplotypes across a

set of tightly linked markers is not large. Consequently, one genotyping error

occurred in a haplotype will most likely generate a new rare haplotype. If we

merge each of the rare haplotypes to the corresponding most similar common

haplotype, we probably can recover most of the typing errors. When we merge

the rare haplotypes, all the rare haplotypes that are not caused by genotyping

errors are also merged to the corresponding common haplotypes. However, under

null hypothesis, each rare haplotype that is not caused by genotyping errors will

be equally likely to be transmitted and non-transmitted, and thus merging the

rare haplotypes that are not caused by genotyping errors will not affect the type
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I error rate of the test. Based on this idea, we propose the following modified

test procedure: (1) find all possible haplotype configurations for each family and

estimate the haplotype frequencies using EM-FD (Chen and Zhang, 2003); (2)

each of the rare haplotypes is merged to a common haplotype that is the most

similar to the rare haplotype, and all possible haplotype configurations for each

family and the haplotype frequencies will be changed accordingly; (3) follow the

same steps used in the HS-TDT (Zhang et al. 2003). We denote the statistical

test based on this procedure by HS-TDTm.

In order to merge rare haplotypes to their similar haplotypes, we give another

similarity measure called Allele Count (AC) similarity. The AC similarity of the

two haplotypes is defined as the number of markers at which the two haplotypes

have the same allele. For two haplotypes H and h covering L markers, let Hi (hi)

denote the alleles of the haplotype H (h) at marker i. Then, the AC similarity

between haplotype H and h is
PL

l=1 I(Hl=hl), where indicator function I(Hl=hl) =

1 if Hl = hl and I(Hl=hl) = 0 if Hl 6= hl. To merge the rare haplotypes, we

first specify a cutoff value α0, and all the haplotypes with frequencies ≤ α0 are

considered as rare haplotypes. We merge each of the rare haplotype to a common

haplotype (frequency >α0) that is most similar to this rare haplotype based on

AC similarity. When several common haplotypes have the same AC similarity

with a rare haplotype, the latter is merged to the common haplotype with the

highest haplotype frequency.

A Similarity measure that is more robust to genotyping errors

As discussed in Zhang et al. (2004), one reason of the type I error inflation

of the HS-TDT due to genotyping errors is the HL similarity used in Zhang et

al. (2003). The HL similarity is sensitive to genotyping errors. A genotyping

error in one marker may substantially change the HL similarity and then the HS

score of a haplotype. In Zhang et al. (2004), we proposed another haplotype
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similarity called Adjust Haplotype Length (AHL) similarity that is defined as

follows. For two haplotypesH and h, letHi (hi) denote the alleles of the haplotype

H (h) at marker i. To find the AHL similarity of the two haplotypes H and h

around marker i, we compare alleles of the two haplotypes in the right-hand side

markers beginning from marker i+1, until marker i+r that satisfies Hi+r 6= hi+r

and either Hi+r+1 6= hi+r+1 or Hi+r+2 6= hi+r+2. Then, similarly, we compare

alleles of the two haplotypes in the left-hand side markers beginning from marker

i − 1, until marker i − l that satisfies Hi−l 6= hi−l and either Hi−l−1 6= hi−l−1 or

Hi−l−2 6= hi−l−2. The AHL similarity measure is defined as the distance between

marker i− l and marker i+ r. See Figure 1 for the difference of the HL similarity

and AHL similarity. Note that a genotyping error occurs at one marker but

does not occur at the nearby markers will not affect the AHL similarity and

the probability that typing errors occur in several consecutive markers is very

small. Thus, we expect that the HS-TDT by using AHL similarity instead of HL

similarity will be robust to genotyping errors. We denote the HS-TDT based on

AHL similarity by HS-TDTs.

Modified HS-TDT tests and other tests compared

We consider three modified HS-TDT tests which include the HS-TDTm, the

HS-TDTs, and the HS-TDTms (merging rare haplotypes and using AHL sim-

ilarity). For the cases with and without genotyping errors, we use simulation

studies to evaluate the type I error and power of the original HS-TDT proposed

by Zhang et al. (2003), the three adjusted HS-TDT tests and a single-marker

TDT (Spielman et al. 2003). The test statistics compared in this article are

summarized in Table 1. The HS-TDT and adjusted HS-TDTs test for linkage

and association between a candidate gene and a trait. The p-value of the tests

is evaluated by the permutation procedure described in Zhang et al. (2003). To

make a fair comparison between the haplotype-based tests and the single-marker
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TDT, we adjust the single-marker TDT as follows to test for linkage and associ-

ation between a candidate gene and a trait. Suppose that there are L markers

typed within a candidate gene. Let TDTi denote the value of the TDT statistic

for marker i.We use TDTmax = max1≤i≤L TDTi as the test statistic. The p-value

of TDTmax is also evaluated by the permutation procedure. In this report, we use

1000 permutations to evaluate the p-values of all the tests.

Simulations

We use simulation studies to evaluate the type I error and the power of the

tests. For each scenario, we generate 1000 samples. In all the simulation studies,

we consider qualitative trait and nuclear families with one affected child. This is

the case in which the HS-TDT has the largest inflated type I error rate (Zhang

et al. 2004).

Data sets for assessing the type I error: The first set of simulations has 19

tightly-linked and equidistant biallelic marker loci. The haplotypes (29 differ-

ent haplotypes occured in the population) and the corresponding frequencies are

given in Table A (online-only supplemental material) of Knapp and Becker (2004).

For all family trios, we generate the parents’ genotypes according to haplotype

frequencies. The haplotype pair in the child is obtained by randomly selecting

one of the two haplotypes in each parent. Genotyping errors are introduced in-

dependently into the alleles according to the stochastic error model, that is, an

allele is changed with probability .We consider the cases of = 0 (no genotyping

errors), = 0.005, = 0.01 and = 0.02. If a genotyping error comes visible by

leading to Mendelian inconsistency (MI), we treat the genotypes of all individuals

of the family at the marker with MI as missing values and our method of esti-

mating haplotype frequencies allows missing values. However, when we perform

the single-marker TDT, the family is discarded from the analysis in the presence

of MI.
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In the second set of simulations, the haplotypes are obtained using a direct

simulation method described in Zhang et al. (2003) and Tzeng et al. (2003).

Briefly, diploid individuals are paired at random in their generation and mated.

The number of children per couple is randomly drawn from a Poisson distribution

with mean λ. Each population is founded by 500 individuals and the expected

size remains at 500 for 50 generations (the reproduction rate λ = 2). This ini-

tialization, together with small population growth in early generations, generates

random linkage disequilibrium among alleles on normal chromosomes. After 50

generations, the population grows exponentially for 100 generations to a final

size of 10,000 individuals. In this period, the reproduction rate λ is determined

by the exponential growth rate. One disease mutation was introduced on one

chromosome in the 51st generation. To generate the chromosome in the founder

population, we generate alleles at each of the markers independently according to

allele frequencies. The minor allele frequency at each marker is drawn from a uni-

form distribution over the interval (0.1, 0.4). The simulation program produces

populations from which samples of haplotypes can be drawn. The methods to

generate family trios and genotyping errors are the same as those in the first set

of simulation. Eleven biallelic markers were simulated, covering a 1 cM region,

with a spacing of 0.1 cM between the adjacent markers. The disease locus is

assumed to be in linkage equilibrium with the eleven markers. To eliminate the

population effect, for each scenario in this set of simulations, we generate 100

populations and draw 10 samples from each population.

Data sets for assessing the power: To assess power of the tests, we use the

direct simulation method described above to generate the population. We also

consider eleven markers loci, covering a 1 cM region, with a spacing of 0.1 cM

between the adjacent markers. However, we assume the 6th marker is located at

the disease susceptibility locus (assuming a negligible recombination rate), but
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the 6th marker is not the disease susceptibility locus itself (i.e. the marker is

not the functional polymorphism). Let D and d denote the two alleles at disease

locus, RR denote the relative risk of genotypes DD to dd, and qD denote the

allele frequency of allele D. For the given RR, qD and the disease models, we

generate parental genotypes at the disease susceptibility locus according to the

probability of mating types under the condition that the child is affected. The

parental multi-marker genotypes are generated according to the genotypes at the

disease susceptibility locus. For example, if the father’s genotype at the disease

susceptibility locus is Dd, we randomly choose one haplotype with the disease

mutation and one haplotype without the disease mutation to form the father’s

multi-marker genotype. Conditional on the parents’ mating types, the affected

child’s genotype is generated by ignoring the recombination. For each scenario,

we generate 1000 samples. To eliminate the population effect, the 1000 sample

are drawn from 100 simulated populations with 10 samples from each population.

Results

As stated earlier, Zhang et al. (2003) proposed two different methods to

deal with ambiguous phase information. The simulation results presented in this

section are based on the first method that assigns ambiguous family its most

likely haplotype configurations. We also did the simulation based on the second

method to deal with ambiguous phase information. The results from the second

method (not shown) are almost identical to the results from the first method.

Type I error rate

When data is error free, the type I error rates of all the five tests have no

significant difference from the nominal levels (results not shown). When there

are genotyping errors, we consider genotyping error rate = 0.005, 0.01 or 0.02,

number of family trios N = 100 or 200 and rare haplotype cutoff value α0 =

0.01, 0.02 or 0.03 (for tests HS-TDTm and HS-TDTms). For each combination

11



of , N and α0, we evaluate the type I error of the five tests. The results are

given in Tables 2 and 3 for the two sets of the simulations, respectively. For

1000 replicated samples, the 95% confidence intervals of type I error rates are

(0.0362, 0.0638) and (0.0037, 0.0163) for nominal levels 5% and 1%, respectively.

The results in the two sets of simulations are very consistent. The results show

that, though the type I error inflation of the HS-TDTs is smaller than that of the

HS-TDT, both the HS-TDT and the HS-TDTs have inflated type I errors in all

the cases, and the inflation increases both with an increase in the sample size and

with an increase in the genotyping error rate. This results indicate that, though

using AHL similarity can reduce the magnitude of the type I error inflation,

the HS-TDT based on AHL still cannot control the false-positive results. The

single-marker TDT also has an inflated type I error for large sample size or large

genotyping error rate, and the magnitude of the inflation also increases both

with an increase in sample size and with an increase in the genotyping error rate.

When we use the haplotype-merging strategy, if the rare haplotype cut-off value

α0 ≥ 2%, the type I error rates of both the HS-TDTm and the HS-TDTms are

less than the upper bound of the confidence intervals. When the rare haplotype

cut-off value α0 = 1%, the type I error rates of the HS-TDTm and the HS-TDTms

(for the second set of simulations) are slightly higher than the upper bound of the

confidence intervals. The magnitude of the type I error inflation does increase

with an increase in the genotyping error rate but not with an increase in sample

size.

Power comparisons

In the first set of simulations, we compare the powers of the five tests using

error-free data. The results are summarized in Figure 2. Figure 2 shows that the

power of the single-marker TDT is substantially less than that of all HS-TDT

tests. Among the four HS-TDT tests, the two based on HL similarity (HS-TDT
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and HS-TDTm) are more powerful than the two based on AHL similarity (HS-

TDTs and HS-TDTms). After merging the rare haplotypes, the tests are slightly

less powerful than the corresponding tests without merging rare haplotypes, that

is, the HS-TDTm is slightly less powerful than the HS-TDT and the HS-TDTms is

slightly less powerful than the HS-TDTs. In the other two sets of simulations, we

evaluate the impact of genotyping error rates and rare haplotype cut-off values

on the powers of the HS-TDTmsand the HS-TDTm. The results (given in Figures

3 and 4) show that the powers of the tests slightly decrease as the cut-off value

or genotyping error rate increases.

In the simulations (both for type I error and for power) based on simulated

populations, for each scenario, the 1000 samples are drawn from 100 populations.

In the simulated populations, the number of distinct haplotypes varied from 35

to 75, and the common haplotypes (frequency ≥ 0.01) varied from 6 to 35. So,

our simulation results cover a wide range of haplotype structures.

In summary, both the HS-TDTm and the HS-TDTms can control the false-

positive due to genotyping errors and HS-TDTm is more powerful than the HS-

TDTms. The HS-TDTm is only slightly less powerful than the original HS-TDT

proposed by Zhang et al. (2003) which has significant type I error inflation when

there are genotyping errors in the data.

Discussion

It is widely recognized that using multi-marker haplotypes instead of consider-

ing one marker at a time can improve the statistical power of association studies.

One difficulty to construct the haplotype-based test is that the large number of

haplotypes will lead to a large number of degrees of freedom of the test. Zhang et

al. (2003) proposed a HS-TDT, a haplotype based TDT using multiple tightly-

linked markers, to test linkage and association between the disease susceptibility

locus and a candidate gene. The HS-TDT is applicable to both qualitative and
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quantitative traits and allows for ambiguous phase information. The degrees of

freedom of the HS-TDT increases linearly with the number of markers rather

than with the number of haplotypes. Simulation results show that the HS-TDT

is more powerful than the single-marker TDT. One negative feature of HS-TDT,

as pointed out by Knapp and Becker (2004), is that the genotyping error may

lead to a type I error inflation. Our simulation results also show that the orig-

inal HS-TDT (Zhang et al. 2003) is very sensitive to the genotyping errors.

With only 0.5% of genotyping errors, it may lead to a significant type I error

inflation. In practice, even for high quality data, genotyping errors are often un-

avoidable. Thus, methods that make the HS-TDT robust to genotyping errors are

needed. One way to develop robust methods, as Gordon et al. (2001) did for the

single-marker TDT, is to incorporate the error models in the statistical analysis.

However, this method will make the statistical model much more complicated.

In this article, we proposed several simple strategies to control the false-positive

of the HS-TDT due to genotyping errors. From our simulation results, we found

that a simple strategy, that is, merging each rare haplotype to a similar common

haplotype, can control for false-positive of the HS-TDT due to genotyping errors,

and the power is competitive to the original HS-TDT. When the rare haplotype

cut-off value α0 ≥ 2%, The HS-TDTm (HS-TDT based on merged haplotypes)

has a correct type I error rate (within 95% CI of the nominal level) in all the cases

of our simulations. Furthermore, when the data is error-less, the power of the

HS-TDTm is very similar to that of the HS-TDT and is more powerful than the

HS-TDTs (HS-TDT based on AHL similarity), the HS-TDTms (HS-TDT based

on AHL similarity and merged haplotypes), and the single-marker TDT in all the

cases we considered.

One question for merging the rare haplotypes is how to choose the cut-off

value α0. Our simulations suggest that using α0 = 2% or larger can control the
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false-positive for a wide range of genotyping error rates. When α0 = 1%, though

the HS-TDTm cannot fully control the false-positive due to genotyping errors, the

magnitude of the type I error inflation of the HS-TDTm is much less than that

of the HS-TDT and is substantially less than that of the single-marker TDT.
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Table 1. Test Statistics Compared

HS-TDT
using HL similarity without merging rare haplotypes

(Zhang et al. 2003)

HS-TDTs using AHL similarity without merging rare haplotypes

HS-TDTm using HL similarity with merging rare haplotypes

HS-TDTms using AHL similarity with merging rare haplotypes

TDT the single-marker TDT proposed by Spielman et al. (1993)
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Table 2. Type I error rates of the tests. The simulations are based on haplotype

frequencies in Table A of Knapp and Becker (2004).

cutoff α0 = 1% cutoff α0 = 2% cutoff α0 = 3%

α N TDT HS-TDT HS-TDTs HS-TDTm HS-TDTms HS-TDTm HS-TDTms HS-TDTm HS-TDTms

0.005 0.005 0.086 0.020 0.013 0.011 0.007 0.011 0.008 0.009

100 0.01 0.016 0.304 0.045 0.016 0.014 0.009 0.009 0.005 0.004

1% 0.02 0.062 0.854 0.177 0.024 0.004 0.006 0.007 0.003 0.003

0.005 0.012 0.170 0.036 0.010 0.011 0.011 0.008 0.007 0.011

200 0.01 0.035 0.640 0.069 0.009 0.006 0.012 0.006 0.003 0.013

0.02 0.203 0.900 0.360 0.018 0.009 0.008 0.005 0.005 0.007

0.005 0.047 0.226 0.094 0.053 0.052 0.046 0.052 0.048 0.047

100 0.01 0.059 0.559 0.135 0.061 0.052 0.043 0.039 0.029 0.022

5% 0.02 0.180 0.960 0.419 0.102 0.044 0.037 0.035 0.025 0.022

0.005 0.060 0.361 0.116 0.048 0.055 0.052 0.048 0.051 0.045

200 0.01 0.134 0.860 0.204 0.050 0.043 0.042 0.038 0.027 0.043

0.02 0.414 0.994 0.612 0.078 0.042 0.032 0.033 0.034 0.048
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Table 3. Type I error rates of the tests. The simulations are based on simulated

populations by direct simulation method.

cutoff 1% cutoff 2% cutoff 3%

α N TDT HS-TDT HS-TDTs HS-TDTm HS-TDTms HS-TDTm HS-TDTms HS-TDTm HS-TDTms

0.005 0.008 0.074 0.027 0.014 0.013 0.011 0.014 0.014 0.009

100 0.01 0.011 0.190 0.053 0.021 0.020 0.016 0.016 0.015 0.006

1% 0.02 0.091 0.587 0.188 0.068 0.024 0.013 0.011 0.011 0.006

0.005 0.012 0.099 0.017 0.013 0.010 0.011 0.013 0.011 0.009

200 0.01 0.080 0.350 0.072 0.017 0.013 0.015 0.009 0.013 0.011

0.02 0.351 0.836 0.316 0.043 0.014 0.016 0.013 0.015 0.010

0.005 0.050 0.184 0.104 0.060 0.053 0.057 0.048 0.057 0.046

100 0.01 0.072 0.430 0.155 0.076 0.054 0.060 0.051 0.055 0.045

5% 0.02 0.278 0.786 0.367 0.144 0.078 0.061 0.050 0.044 0.038

0.005 0.068 0.269 0.097 0.062 0.041 0.053 0.045 0.052 0.050

200 0.01 0.222 0.601 0.220 0.068 0.050 0.053 0.046 0.061 0.051

0.02 0.474 0.933 0.525 0.127 0.060 0.063 0.043 0.057 0.058
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¾ -HL Similarity

¾ -AHL Similarity
Haplotype Hj

Haplotype Hi

6
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Figure 2. Power comparisons of the five tests using error-free data. The sample

size N=100. Rare haplotype cut-off value (for the HS-TDTm and the

HS-TDTms) α0 = 2%.
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Figure 3. Power comparisons of the HS-TDTm and the HS-TDTms for different

rare haplotype cutoff values. The sample size N=100. Genotypic relative risk

RR = 5. Genotyping error rate = 1% .
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Figure 4. Power comparisons of the three tests for different genotyping error

rates. The sample size N=100. Genotypic relative risk RR = 5. Rare haplotype

cut-off value α0 = 2%. Single-marker TDT test (TDT) uses error-free data.
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