
Abstract

MEI, HAO. Novel Methods for Mapping Complex Disease. (Under the direction of
Dr. Eden R. Martin).

In contrast to simple disease (or Mendalian disease), complex disease has its spe-

cial challenging characteristics for mapping. First, complex disease generally does

not have clear pattern of inheritance. Second, high-order interaction often occurs

in complex disease, where variants are widely assumed to be common (Common

Disease/Common Variants assumption) with only small or modest effects of each

variants. Third, genetic effects are often heterogeneneous, where different affected

individuals may attribute disease to different sets of causative genes. These charac-

teristics cause low power of mapping complex disease gene using linkage and tradtional

association methods,which motivated us to develop powerful novel methods with high

computational efficiency.

The first method extended the traditional method of Multifactor Dimensionality

Reduction (EMDR) to detect high-order interaction by finding significant multi-locus

models. EMDR does not assume any pattern inheritance. It applies the technique

of dimension reduction and the goodness-of-fitness test in the whole data to measure

association from a multi-locus model by χ2 statistic. This procedure is called non-

crossvalidation in contrast to 10-fold crossvalidaiton by MDR. The significance of the

χ2 statistic is tested by a non-fixed permutation procedure in contrast to the omnibus

permutation procedure by MDR. By testing data from Genetic Analysis Workshop 14

(GAW14) with known answers, it was shown that EMDR with non-crossvalidation

and non-fixed permutation is more powerful than MDR without increasing type I

error. In addition, the computationally high efficiency of the EMDR program makes

it possible to analyze a large number of markers simultaneously.

However, EMDR does not consider genetic heterogeneity,which could decrease an

association signal in the data. The second method, MDR-Phenomics, is developed by

integrating phenotypic information in the analysis of EMDR. Since genetic hetero-

geneity is often reflected by phenotypic heterogeneity, it makes possible that genetic



heterogeneity can be controlled by analyzing phenotypic covariate. MDR-Phenomics

classifies data into different groups based on discrete levels of a phenotypic covariate.

The different association across classified groups is measured by an F statistic from

the ANOVA method. A new M statistic measuring association from a multi-locus

model corrects possible decreased association signal due to genetic heterogeneity by

multiplying the EMDR χ2 with F statistic.The significance of the M statistic is

tested by a permutation method. In tests of simulated data sets shows that MDR-

Phenomics is powerful under genetic heterogeneity, and analysis of MDR-Phenomics

in autism data successfully detected a significant 2-locus model indicating potential

interaction between serotonin transporter gene [SLC6A4] and integrin beta 3 [ITGB3]

on chromosome 17.

Genetic heterogeneity and interaction indicate that a subset may exist with a

homogeneous genetic effect, where an allele of a locus close to a causative variant is

over tansmitted from parent to affected individuals (i.e., positive transmission). Based

on that, Phenotypic Homogeneity Distinction (PHD) method is developed to find a

phenotypic IDENTIFIER (ID), by which a subset can be identified with decreased

genetic heterogeneity for an association study. This conditional association study is

expected to increase power to map complex genes compared to traditional association

methods. PHD takes two steps, an existence test and a definition procedure, to

obtain a phenotypic ID by analysis of phenotypic covariate. Different strategies and

statistics are proposed in the two steps for both categorical and continuous phenotypic

covariate. To evaluate those strategies and methods, many data sets were simulated

for tests, and results demonstrated that a conditional association study based on the

ID is more powerful than traditional association analysis.
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Chapter 1

Introduction to disease gene mapping
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1.1 Overview of Disease Gene Mapping

After complete sequence of human genome, more researches are focused on studies

of genetic causes. Determination of genetic causes facilitates the development of new

therapies and interventions. Human genetic diseases are generally classified into two

categories, simple disease (or Mendelian disorder) caused by a single gene mutation

and complex disease caused by the interplay of more than one genetic variant. Com-

plex disease can be further stratified into oligogenic and polygenic disorders, where

a few (oligogenic) and many (polygenic) genetic variants are involved respectively

(Singleton, 2003). However, this classification is not absolute, since complex disease

can have the Mendelian subforms too.

Linkage analysis has been the primary method for mapping Mendelian disorders

(Baron, 1999; Jorde, 2000). A classical successful example of linkage analysis is the

identification of cystic fibrosis gene in 1989 (Kerem et al., 1989; Riordan et al., 1989).

Following linkage analysis, a study of association based on linkage disequilibrium

(LD) is generally taken for fine mapping gene localization. Linkage and association

studies can locate a gene responsible for a disease when little or no information

is known about the molecular basis of the disease. Successful genetic mapping of

simple Mendelian disorders arouses interests and efforts in mapping complex (non-

mendalian) disorders caused by multiple genes and environmental influences. Linkage

analysis is the main method to study Mendlian disorders, but it is inefficient to search

for common variatns with modest effects underlying complex disease. Association

studies are the main method for complex disease gene mapping. However, linkage

analysis is not completely abandoned for complex disease and it still plays some

roles, especially in mapping Mendelian subforms of complex disease. Identification of

genes underlying Mendelian subforms by linkage analysis could shed light on other,

more common forms of the complex disease (Baron, 2001).
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1.2 Genetic basis of mapping

A position on the chromosome is called a locus. A locus with varied DNA sequences

in the population, i.e. polymorphism, can be used as a genetic marker for analysis.

A marker allele is one of the variant forms of a DNA sequence at a locus. The

first type of polymorphic markers were restriction fragment length polymorphisms

(RFLP) (Botstein et al., 1980). An allele of a RFLP marker can be: 1) status of

absent or present endonuclease restriction site; or 2) varied number of tandem repeat

(VNTR) (Nakamura et al., 1987); or 3) varied number of simple sequence repeat (SSR)

(Jacob et al., 1991). Minisatellite sequence is the core unit of tandem repeat from

11 to 60 base pairs (Jeffreys et al., 1985). A simple sequence repeat is a repetitive

series of di-, tri- or tetra-nucleotide referred to as ”microsatellite” (Litt and Luty,

1989) or ”Short Tandem Repeat” (Edwards et al., 1991). Both kinds of repeats are

flanked by conserved endonuclease restriction sites. With development of Polymerase

Chain Reaction (PCR) technology in 1986 (Mullis et al., 1986), an economical marker

called Random Amplified Polymorphic DNA (RAPD) can be easily generated by

arbitrarily using short length of oligonucleotide PCR primers (Williams et al., 1990).

The third type of marker is the single nucleotide polymorphism (SNP). It refers to

a single nucleotide change, e.g., a nucleotide A, replacing one of the other three

nucleotides -C, G, or T. Generally, common SNPs have only two alleles and their

minor allele frequencies are at least 1%. Compared to other kinds of markers, SNPs

have the following advantages. First, SNPs are stable and abundant. They account

for approximate 90% genetic variation in human genome (Collins et al., 1998). There

are over 5,000,000 SNPs that have been well-curated and validated in public database,

dbSNP (http://www.ncbi.nlm.nih.gov/SNP/). Second, SNPs are easy and efficient

to detect. Hundreds of thousands of SNPs can be genotyped with low cost in only a

couple of days by high-throughput technologies (e.g. Affymetrix SNPchip, Illumina

and Taqman SNP platform) (Taillon-Miller et al., 1999; Wang et al., 1998). Third, by

using up to 500,000 SNPs in genome-wide association scan, it is possible to capture
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any potential associations with disease (Kruglyak, 1999). These advantages make

SNPs one of the most popular markers in disease mapping today.

Penetrance describes the probability that a phenotype is expressed for a particular

genotype. In disease mapping, penetrance generally measures dichotomous status of

disorder (affected or not). A quantitative measure of phenotypic trait is expressivity,

which refers to what degree of a phenotype is expressed. Expressivity depends on

penetrance. It is impossible to measure expressivity if a genotype is not expressed

as a phenotype. Generally, for a marker with two alleles, A and a, if allele A is

dominant, the penetrance of genotype AA and Aa is similar. If allele A is recessive,

the penetrance of genotype AA is larger than that of genotype Aa and aa. Under

additive inheritance, the penetrance of genotype Aa is approximately the average of

penetrance of genotype AA and aa.

To save time and resources looking for genetic causes of non-genetic disease, it

is essential to assess the genetic component within a disease before gene mapping.

This may be accomplished by tracking the pattern of inheritance by analysis of pen-

etrance and expressivity. However, only Mendelian diseases exhibit a clear pattern

of inheritance, which is seldom apparent for complex disease. To evaluate the ge-

netic component especially of complex diseases, twin studies of concordance rates of

a phenotype in monozygotic and di-zygotic twins are widely used. If there is genetic

component, it is expected that monozygotic twins will carry 100% concordance rate

of a disease, while dizygotic twins will carry only 50%.

1.3 Linkage Analysis

Linkage analysis tests for coinheritance of chromosomal regions with a trait by ex-

tracting inheritance information (Kruglyak et al., 1996). For a disease locus D and

a gene marker M, co-segregation of allele is tested within a family to determine if

they are physically linked. The kinds of families used in linkage analysis are generally

multiplex extended pedigrees or nuclear families with affected sib-pairs. The genetic
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basis of linkage analysis is recombination or crossing-over that reflects physical dis-

tance between locus D and marker M. Recombination refers to chromosome arms

exchanging a segment of DNA sequence in meiosis where gametes (eggs and sperm)

are produced and two copies of each chromosome pair become physically close. If

recombination is random, the closer the locus D and M are on a chromosome, the

less frequently they will recombine. The recombination fraction, ranging from 0 to

0.5, increases monotonically as the distance of locus D and M increases. In principle,

locus D and M are linked if the recombination fraction between them significantly

deviates from 0.5. Linkage analysis can be classified into two categories, parametric

(or model-based) and non-parametric linkage analysis.

Parametric linkage methods directly test whether an observed recombination frac-

tion between two loci is significantly deviates from 0.5 (Ott, 1999; Terwilliger and Ott,

1994). The logarithm of odds (LOD) score is one of the most widely used approaches

for parametric linkage analysis (Morton, 1955). It is defined as below:

Z(θ) = log(L(θ)/L(0.5))

θ : Recombination fraction

Z(θ) : LOD score

L(θ) : Likelihood function with given θ

L(0.5) : Likelihood function with θ = 0.5

The parametric likelihood ratio test requires specification of disease parameters in-

cluding recombination fraction, marker allele frequencies, penentrance and disease

allele frequency. The drawback of the parametric linkage method is that the genetic

model must be known (Kruglyak et al., 1996) and the analysis can be highly sensitive

to misspecification of the linkage model (Clerget-Darpoux et al., 1986). For complex

diseases, the parameters above are generally unknown and mode of inheritance is

unclear, which restricts application of linkage analysis. The incorrect specification of

the mode of inheritance may lead to loss of power. However, some evidence shows

that parametric linkage analysis with both the recessive and dominant models is a
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robust model for detecting linkage in complex diseases based on simulation studies,

in spite of the fact that the model is not entirely correct(Abreu et al., 1999; Durner

et al., 1999; Greenberg et al., 1998).

When inheritance patterns are not clear, non-parametric (or model-free) linkage

methods are more appropriate. Affected sib-pair (ASP) methods have been developed

to detect linkage by testing probabilities of Identical by Descent (IBD) sharing in

affected sib-pairs. IBD means that the same copy of an allele is inherited from a

common ancestor. For affected sib-pairs, the expected probabilities for sharing 0, 1

and 2 marker alleles IBD are 0.25, 0.5 and 0.25 respectively. Excess IBD sharing

indicates the analyzed marker is close to a susceptibility locus, which can be tested

by statistical methods like two-allele, mean and goodness-of-fit tests (Blackwelder

and Elston, 1985). When IBD is not known, identity by state (IBS) sharing among

affected members of the pedigree can be analyzed as a complement. The extent

of IBS sharing is compared with the Mendelian expectation under the hypothesis

of no linkage. Such a method is called affected-pedigree-member method (APM)

(Weeks and Harby, 1995; Weeks and Lange, 1988, 1992). APM sidesteps tracing the

inheritance pattern while focuses on the IBS sharing. A more general method called

non-parametric linkage (NPL) is proposed by Kruglyak to conduct multipoint linkage

analysis (Kruglyak et al., 1996).

Parametric and non-parametric methods have their advantages and disadvantages.

If the pattern of inheritance is known, parametric linkage methods often have larger

power than non-parametric methods (Goldin and Weeks, 1993), because the recom-

bination fraction between a disease susceptibility locus and a nearby marker from

non-parametric linkage tends to be an overestimate (Schork et al., 1993). However,

non-parametric methosd have unbeatable advantages for analysis of complex disease

with unclear inheritance.

When the molecular basis of the disease is unknown, a genome-wide linkage anal-

ysis is often used to map genes. Genome-wide linkage analysis searches the genome

to identify regions where a disease-predisposing allele probably exists (Carlson et al.,
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2004b). Individuals within a pedigree generally have recent common ancestors and

recombination events do not occur often. Therefore, large regions of the genome are

shared and inherited between individuals within a pedigree. Most genome-wide link-

age analysis scans genome with fewer than 500 microsatellite markers spaced at 10Mb

distance. With advances of high throughput technology, a SNP array was recently

proposed for genome-wide linkage analysis for its efficiency and precision (Sellick

et al., 2004). Because of insufficient recombination events, resolution for gene map-

ping is generally low and large pedigrees are often required for genome-wide linkage

analysis.For fine mapping, analysis of candidate genes following genome-wide linkage

study is often taken.

Genome-wide linkage analysis scans markers across genome sequentially, and the

multiple testing problem involving point-wise and genome-wise significance level has

to been addressed. The point-wise (or element-wise) significance level refers to the

threshold for a single test of linkage to be significant, while the genome-wise (or

experiment-wise) significance level refers to the threshold for any linkage across the

genome to be significant (Lander and Kruglyak, 1995). A traditional approach for

multiple testing is the Bonferroni correction. For example, given 400 markers in

analysis of genome-wide linkage, a point-wise significance level of α0 = 0.00013 will

correspond to a genome-wide significance level of α∗ = 1− (1− α0)400 = 0.05 by the

Bonferroni correction. However, the Bonferroni correction does not consider whether

markers are correlated with nearby markers. A better solution for genome-wide signif-

icance level can be defined as (Lander and Kruglyak, 1995): α∗ = 1−e−(C+2×G×X)×α0,

where
α∗ : genome-wide significance level

α0 : point-wise significance level

C : number of chromosomes

G : the size of the gonome in Morgans (M)

X = 4.61 × LOD score
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Therefore, to get at a genome-wide significance level of 0.05, the point-wise signifi-

cance level should be α0 = 5× 10−5 which corresponds to a LOD score of 3.3. It was

also pointed out that LOD score of 3 is equivalent to p-value of 10−4, but not a p-value

of 10−3 as is often mistakenly assumed. Two additional important point-wise signif-

icance levels include: 1) a point-wise p-value of 1.7 × 10−3 corresponding to a LOD

score of 1.9 for suggestive linkage, and 2) a point-wise p-value of 0.05 corresponding

to a LOD score of 0.59 for nominal evidence of linkage. For a non-parametric sib-pair

study, the LOD scores for point-wise significance level to declare nominal, suggestive

and significant linkage were given as 2.2, 3.6 and 5.4. The derivation of the genome-

wide significance levels above is based on the assumptions of an infinitely dense set of

markers and full marker information content. These assumptions may not be true in

practice. If assumptions are not met, permutation testing is recommended (Sawcer

et al., 1997). Permutation methods generate a large number of permuted data sets

simulated under the null hypothesis of no linkage in the genome. The genome-wide

p-value is the percentage of LOD scores from simulated data exceeding the observed

LOD score.

1.4 Association study

A disease-marker association can be explained by two genetic mechanisms: pure

association and linkage disequilibrium (LD) (Baron, 2001). A maker allele with the

pure association increases disease risk directly, while LD indicates that a marker is

likely close to a disease locus. LD describes allele frequencies at the two loci that have

not reached equilibrium in the population and it measures the dependence of alleles

at different loci. LD is affected by recombination between two loci. For unlinked loci,

the LD will decrease dramatically over generations. Therefore, LD between two loci

exists after many generations only if those two loci are close to each other.
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1.4.1 Measure of Linkage Disequilibrium

The concept of LD was proposed in the early twentieth century (Jennings, 1916) and

the first common measure of LD, D, was proposed in 1964 (Lewontin, 1964). Given

a diallelic loci, A and B, the D is calculated as p11 − p1 × q1, where p11, p1 and q1

are the frequencies of genotype A1B1, allele A1 and allele B1 respectively. Under the

null hypothesis of no LD, the D is expected to be zero. The model that describes D

dependent on recombination fraction and time is (Jorde, 2000): Dt = D0 × (1 − θ)t,

where Dt is the D measured at the time in generations (t) since the origin of a

new disease-causing mutation and D0 is the D measured at the origin of mutation.

Thus, D can provide a simple estimation of the recombination fraction and can be

used to infer the time since the origin of mutation. Other than the D, several other

measurements were developed and applied in different cases. The standardized D (D′)

calculated as D/Dmax was developed to control allele frequencies, where the Dmax is

given as min(p1q2, p2q1) and the p2 and q2 are values of 1− p1 and 1− p2 respectively.

The third measurement of LD is the correlation coefficient labeled as R or ∆, whose

value is calculated as D divided by
√

p1 × p2 × q1 × q2 (Hill and Robertson, 1968).

The fourth scale of LD is a two-locus disequilibrium statistic, δ, given by D/(q1×p22)

(Bengtsson and Thomson, 1981) where the p22 is the frequency of genotype A2B2.

To measure LD among multiloci, a scale parameter, λ, as extension of the δ statistic

was proposed (Devlin and Risch, 1995)

LD in the human genome varies widely and differs markedly across genomic regions

and populations. In European populations, the LD extends around 10-30 kb, while it

extends much less in African populations (Ardlie et al., 2002). The different extent of

LD in the different populations suggests that a fine-scale mapping can be performed

in the African population, since the smaller extent the of LD , the better the mapping

region can be refined.
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1.4.2 Statistical tests of Linkage Disequilibrium

Association studies generally fall into two categories: population-based case-control

studies and family-based studies. The traditional family-based studies can be further

classified as discordant sibling tests and transmission disequilibrium tests with their

derivatives. For the population-based studies, a sample of unrelated affected indi-

viduals and unaffected controls are independently collected. Statistical methods, e.g.

goodness-of-fit test and likelihood ratio test, are applied to detect whether the fre-

quency of an allele or a genotype is associated with the affection status (Terwilliger,

1995). To analyze family data, an affected individual can be selected as a case and a

non-affected family member can be selected as a control for analysis. More powerful

population-based methods were developed to make use of all of the cases in a family

by considering the correlations among the related cases (Browning et al., 2005; Risch

and Teng, 1998; Teng and Risch, 1999).

Sometimes, it may be very hard to interpret a significant association based on the

population-based method, because the unrelated cases and controls may experience

different external factors, which are often called confounding factors in the statisti-

cal theory. A common confounding factor is population structure (i.e. admixture,

heterogeneity, or stratification in a population) that is reflected due to the different

background of the allelic frequencies in different populations. Generally, random mat-

ing is not allowed across different ethnic subgroups. It is possible that any disease

with a high frequency of incidence in one subgroup may be positively associated with

any allele more frequently within that group than other groups (Marchini J, 2004),

which can cause a spurious association. Several empirical examples showed evidence

of spurious association from the population structure (Knowler et al., 1988; Lander

and Schork, 1994; Reich et al., 1999). A classical example is the association study of

Gm haplotype with type 2 or non-insulin-dependent-diabetes mellitus (NIDDM) in

a sample of 4,920 native Americans of the Pima and Papago tribes (Knowler et al.,

1988). Ignoring the admixture of the subjects will lead to a strong association of Gm

haplotypes with NIDDM, which can be removed by analysis of stratification on the
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tribes.

Since relatives within a family are more likely to share common confounding fac-

tors than unrelated individuals in a population, it could be more efficient to control

the population structure by using the family-based method. An early example is

haplotype relative risk (HRR) method (Falk and Rubinstein, 1987). The HRR tests

for association by defining the haplotype (or allele) transmitted from a parent to an

affected offspring as a ”case” and the untransmitted parental haplotype (or allele) as

a ”control”. In this way, the ”control” is clearly from the same population as the

”case”, which reduces effects of stratification. To get the ”control”, the HRR requires

markers of both the parents and their child to be genotyped. Let ”A” denote the the

allele of interest and ”a” to be the other one. If the affected child has genotype ”A/a”

and his parents have genotypes ”A/a” and ”a/a”, the HRR constructs a ”control”

with the genotype ”a/a”, since they are not transmitted from the parents to the af-

fected child. Then, the frequency of cases carrying ”A” allele (i.e, the number of cases

with genotype including ”A”) can be compared to the frequency of controls carrying

it under the null hypothesis that the frequencies are equal. Tests are conducted by

the traditional case-control methods with Pearson’s chi-square contingency statistic

or odds ratio. For a rare disease, the odds ratio approximates the relative risk and its

expected value is 1.0 under the null hypothesis of random transmission. Rejection of

the random transmission of a haplotype indicates the existence of association. Con-

sidering the principle of HRR, despite the fact that the ”controls” are constructed

from non-transmitted parental alleles, the test assumes that both of the ”controls”

and ”cases” are randomly and independently drawn from their population. The inde-

pendence assumption will be violated if recombination occurs. Therefore, the HRR

tests association under the the existence of linkage. For a rare disease, the HRR

applies the odds ratio to estimate the relative risk and Knapp proved that the rela-

tive risk for the susceptibility locus may be underestimated if there is recombination

(Knapp M, 1993).
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The transmission-disequilibrium test (TDT), a modified form of HRR, was pro-

posed in 1993 (Spielman et al., 1993). In contrast to the HRR that tests for an

association with the existence of linkage, the TDT tests for linkage in the presence

of association or association in the presence of linkage. The TDT and its derivatives

have become the popular methods to evaluate the linkage and association of a marker

and screen a genome for susceptibility loci (Schwab SG, 2000; Sun et al., 1999). The

TDT analyzes triad families, i.e. an affected offspring and his/her parents. A major

difference between TDT and HRR is that parents for TDT must be heterozygous to

be informative.

Let ”A” to be the allele of interest and ”a” to be all of the other alleles at a locus.

For the heterozygous parents, their genotypes are ”A/a”. Let ”nA” to be the number

of times that the heterozygous ”A/a” parents transmit ”A” to the affected child and

”na” to be the number of times that the heterozygous ”A/a” parents transmit ”a”

to the affected child. Given the heterozygous ”A/a” parents, transmission of ”A” (or

”a”) indicates non-transmission of ”a” (or ”A”), so the transmissions of ”A” and ”a”

is perfectly negatively correlated. To control the correlation between allele ”A” and

”a”, the TDT applies a McNemar’s chi-square statistic to test random transmission

of ”A” and ”a”. Under the null hypothesis of random transmission, ”nA” falls in a

binomial distribution, bin(n, p), where n = nA + na and p = 0.5. The TDT statistic

by the McNemar test is calculated as (nA − na)
2/(nA + na) (Spielman and Ewens,

1996; Spielman et al., 1993). The distribution of the TDT approximates a chi-square

distribution with degree of freedom equal to 1. The random transmission can be

generated by either non-linkage or non-association. However, complete understanding

and interpretation of the test is not easy. To understand the test, let us consider

linkage without association first. Because the linkage phase is unknown in a sample

of triad families, two linkage phases exist with equal probability. For example, suppose

the disease genotype is D/N and the marker genotype is A/a. The two linkage phases

may be D-A/N-a or D-a/N-A, which occur with equal chance if there is linkage but no

association. Equal chance of the two linkage phases will cause random transmission
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of a marker allele. Second, association without linkage causes the two linkage phases

to occur with unequal chances. Since linkage does not exist, recombination events

will make segregation of alleles to the affected child occur randomly, and again the

TDT will give non-significant results due to the random transmission of the candidate

alleles. More specifically, the null hypothesis of the TDT test can be expressed as

the equation: δ × (1 − 2 × θ) = 0, where δ = 0 means absence of an association

and θ = 0.5 means absence of a linkage. Rejection of the null hypothesis indicates

that both linkage and association exist. An example of the TDT is the test for two

active forms of Catechol-O-methyl transferase (COMT). The TDT confirmed that

the high-activity form was preferentially transmitted in schizophrenia (Li T, 1996).

The TDT eliminates stratification effects, but a disadvantage is that it uses only

heterozygous parents. When there is no stratification, it will be less powerful than the

HRR, which uses both homozygous and heterozygous parents (Schaid, 1998). When

there is stratification, the HRR (or similar tests such as AFBAC (Thomson, 1995) is

more likely to yield a false positive result (Spielman and Ewens, 1996).

Numerous variants of the TDT have been devised, including the extensions for

multiallelic markers (Sham and Curtis, 1995), multiple marker loci (Wilson, 1997),

quantitative trait loci (Allison, 1997; Xiong et al., 1998), extended pedigrees (George

et al., 1999), families in which only one parent (Sun et al., 1999; Weinberg, 1999)

or only siblings are available (Martin et al., 2003), sib-TDT (Allison et al., 1999;

Spielman and Ewens, 1998; Teng and Risch, 1999), and the Pedigree Disequilibrium

Test (Martin et al., 2000). The sib-TDT is especially useful for diseases of late

adulthood, in which multiple generations may not be available for the study. However,

the sib-TDT may be less powerful than the traditional TDT (Schaid, 1998). Another

variant of the sib-TDT examines allele-sharing patterns in sibs who are discordant

for a trait (Boehnke and Langefeld, 1998).

The Pedigree Disequilibrium Test (PDT)(Martin et al., 2000) is often cited and

was integrated in the novel methods discussed in this paper. In contrast to the TDT,

the PDT was developed to analyze extended pedigrees consisting of nuclear families
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and discordant sib-pairs. Since the nuclear families and the discordant sib-pairs (DSP)

from the same extended pedigree are related, the PDT treats extended pedigree as

independent units and measures LD in a pedigree by a statistic, D. Considering a

marker locus with two alleles, the D statistic of a pedigree is calculated as follows:

D = 1
nT +nS

nT∑
j=1

XTj +
nS∑
j=1

XSj

nT : the number of triads

nS : the number of DSPs

XTj = (# M1 transmitted) - (# M1 not transmitted) in j - th triad family

XSj = (# M1 in affected sib) - (# M1 in unaffected sib) in j - th DSP

If N is the total number of unrelated pedigrees in the sample and Di is the random

variable for the ith pedigree, then under the null hypothesis of no linkage disequilib-

rium, we can get:

E(
N∑

i=1

Di) = 0

V ar(
N∑

i=1

Di) =
N∑

i=1

V ar(Di) = E(
N∑

i=1

D2
i )

T =
N∑

i=1

Di/
N∑

i=1

D2
i

(1.1)

The T statistic in the equation 1.1 for a large sample will have asymptotically standard

normal distribution with a mean of 0 and a variance of 1.

The power and efficiency of association tests depend on many factors, including the

methods used, the sample size, the mode of inheritance, the patterns of recombination

and genetic heterogeneity as well. Genetic heterogeneity, which is common in complex

diseases, may cause the power decrease dramatically (Xiong and Guo, 1998). All of

these factors can result in no increase of the power of an association method though

the sample size increases (Terwilliger and Weiss, 1998).
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1.4.3 Genome-wide association analysis and statistical sig-

nificance

In the past decade, hypothesis-driven candidate gene association studies have become

popular, but these are usually limited to a few dozen of genes. With the development

of high-throughput genotyping technology, it is now possible to apply the genome-wide

association studies for mapping diseases. Genome-wide association studies require a

much more dense set of markers than the genome-wide linkage studies do. However,

it is inefficient to genotype all of the existing common polymorphisms. To attain fine

resolution with cost efficiency, generally only the tag SNPs or markers with linkage

equilibrium are genotyped for genome-wide association studies. Use of tag SNPs is

possible for genome-wide association studies, since the existence of the recombination

hotspots makes the pattern of LD in the human genome block-like (Ardlie et al.,

2002; Gabriel et al., 2002). Therefore, a minimum number of SNPs in a block used

as the tag SNPs can be selected to represent the genetic variation in that block

without genotyping all of the SNPs. The association mapping, e.g. the International

HapMap Project (Consortium, 2003), now allows selection of the tag SNPs on the

basis of publicly available data.

A genome-wide association study generally requires more markers than a genome-

wide linkage study, and it is more challenging for the genome-wide association study to

adjust for multiple tests. For genome-wide linkage analysis, the multiple tests are effi-

ciently controlled and the LOD score of 3.3 generally corresponds to the experiment-

wise type I error of 0.05 as discussed above. However, there is no consensus on the

standard of adjusting for the multiple tests in the genome-wide association studies

(Elston, 1997; Kruglyak, 1997; Morton, 1998). The Bonferroni method can be applied

for the control of multiple tests, but it can cause overcorrection easily and has the

risk of failing to detect the true association. To prevent the overcorrection, many

advanced methods were developed. It was proposed to estimate the probability dis-

tribution of the genetic association, against which the experiment-wise p-value of the
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tested marker can be obtained directly (Schork, 2002). However, estimation of the

probability distribution in a population is genome-region specific. Another common

method is called empirical Bayes (EB) or semi-Bayes adjustments (Greenland, 2000;

Greenland and Robins, 1991). The basic idea of the EB adjustments is that the ob-

served statistic for an individual test has larger variation than the true one, although

the statistic may be unbiased. The large variation will cause increase of the type I

error. The EB attempts to estimate an inflated variation from the observed data and

uses this estimation to adjust the observed statistic. The process of this adjustment

is called shrinkage, since the adjusted individual statistic generally has a decreased

variation. The advantage of the EB adjustments is that a prior probability can be

integrated. For example, a genomic region known to contain a causative variant will

be assigned a high prior probability for the EB adjustments.

1.5 Characteristics of Complex Disease Gene Map-

ping

Successful identification of genetic variants by linkage and association studies depends

on the type of genetic variants underlying a disorder. We often consider two types of

variants, the rare and the common variants. Variants with large or early deleterious

effects are mostly rare (Pritchard, 2001). Rare variants are generally young and

relatively geographically localized. It is difficult to identify rare variants in a small

sample. In contrast, common variants are generally old and geographically dispersed.

It is relatively easy and cheap to identify the common variants. Linkage analysis is

generally more powerful than association analysis for identifying the rare, high-risk

disease alleles (Weiss and Clark, 2002). However, fine resolution of mapping a rare

allele with large effect through the linkage analysis is feasible only with the availability

of sufficient recombination events, which requires large pedigrees (Boehnke, 1994).

Common variants are widely analyzed in complex diseases. A popular hypothesis

is that the genetic factors underlying common diseases will be the alleles that are
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quite common in a population for most cases, ie. the Common Disease/Common

Variant (CD/CV) hypothesis (Chakravarti, 1999; Lander, 1996). Each of the com-

mon variants in a complex disease only has a small or modest effect on the disease

phenotype, while multiple common variants can act additively or have multiplicative

interaction (epistatic effect). Linkage mapping analysis generally does not have suf-

ficient power to identify common variants with a small effect, because conventional

linkage methods are generally based on the assumption that the genotyped markers

work independently and a single gene has a large main effect on the disease (Buhler

et al., 1997; Cox et al., 1999; Hoh and Ott, 2000; Lucek et al., 1998). Because of

this, linkage mapping is the preferred method for mapping genes having moderate-

to-large effect on Mendelian disorder. In contrast, most of the association studies

have the ability to analyze a haplotype of multiple markers or an interaction between

the markers (e.g. regression analysis). There is a general consensus that association

analysis should be more powerful for detection of the common disease alleles with

modest disease risks than the linkage analysis (Risch and Merikangas, 1996). In ad-

dition, there are two other reasons that may limit the use of the linkage methods and

support the association studies. First, a complex disease generally does not have a

clear inheritance pattern. The linkage analysis is often based on a clear inheritance

(e.g. calculation of LOD). In contrast, most association studies generally do not re-

quire clear inheritance. Second, linkage studies, especially the traditional parametric

methods, cost a lot for the collection of a large pedigree. Instead, the association

analysis especially the population-based case-control studies can be economical and

easier.

However, linkage analysis is still a common method applied in mapping complex

diseases based on the assumption that there are Mendalian subforms of complex dis-

ease with genes having large effects. Successful examples include Alzheimer’s disease

(beta-amyloid precursor protein and presenilin-1 and -2), breast cancer (BRCA-1 and

-2), colon cancer (familial adenomatous polyposis and hereditary non-polyposis col-

orectal cancer), diabetes (maturityonset diabetes of youth), and juvenile open-angle
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glaucoma (Baron, 2001). These successes provide useful information of the common

forms of complex diseases and can give us a guidance for more complex association

studies. Such a successful guidance is the mapping of a complex disease, open-angle

glaucoma. Its association analysis is focused on the region which is detected by the

linkage analysis of its Mendalian subform, juvenile open-angle glaucoma (Stone et al.,

1997). However, Mendelian subforms of the complex diseases are generally rare and

hard to identify. Therefore, linkage analysis of incorrect Mendelian subforms may

easily miss the true causative genes.

Although linkage mapping may not be the most appropriate method for complex

diseases, it does not mean that the linkage methods can not detect genes with modest

effect underlying a complex disease (Scott et al., 1997). Such an example is APOE

successfully identified as a susceptible gene of the late onset of Alzheimer’s disease

by using microsatellite marks in a linkage mapping. Another example is HLA, which

was identified by multipoint linkage analysis of affected sibpairs in mapping type I

diabetes (Concannon et al., 1998). However, it must be noticed that a large sample

size is generally required for a linkage analysis to get adequate power in discovering

genes with small effects. Therefore, although the linkage analysis may continue to

play some roles, association studies are the major and superior strategies for mapping

complex diseases (Risch, 2000).

Multiple characteristics of complex diseases, including heterogeneity, complex

epistatic effects and the curse of dimensionality due to interaction in high-order di-

mensionality, mean that pursuing more advanced methods is always needed. For most

of the complex disease mapping, the study designs are often observational and many

unknown factors can not be controlled. Therefore, two statistical issues, bias and

confounding, may conflict mapping results. In general, mapping results are used to

provide guidance for the further research on gene function. Mapping strategies and

characteristics of the complex disease will be discussed in detail below.
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1.5.1 Mapping strategies

Since there is not a method which is sufficient or optimal for the mapping of the com-

plex diseases, multiple solutions are often required. It is suggested that a combination

of the linkage and association analysis, including the follow-up of candidate chromo-

somal regions, may be more efficient than either one method alone (Baron, 2001). A

direct and cost effective strategy is candidate gene based studies. The identified and

genotyped SNPs within the candidate genes are analyzed by the linkage and associa-

tion methods (Cambien et al., 1999; Cargill et al., 1999). In contrast to the candidate

gene strategy, three popular genome-wide mapping strategies for complex diseases

are often applied. The first strategy conducts genome-wide linkage analysis by using

anonymous DNA polymorphisms, and is followed by candidate association studies to

analyze more genotyped SNPs around the markers with linkage signal for fine mapping

(Botstein and Risch, 2003). The second strategy applies the indirect genome-wide

association with anonymous SNPs (or ”tagSNPs”) followed by the candidate associ-

ation studies (Concannon et al., 1998). The third strategy is direct genome-wide LD

mapping that uses tens or hundreds of thousands of candidate-SNPs (coding or pro-

moter variants with potential functional significance) to infer the causative variants

(Collins et al., 1997; Risch and Merikangas, 1996). Indirect genome-wide association

studies may be more efficient and powerful than the classical direct whole-genome

association studies, since directly testing all of the common functional variants may

lose important markers in the non-coding regions.

Genome-wide association studies require many more SNPs than genome-wide link-

age studies. In contrast to select the functional SNPs in coding regions in the direct

genome-wide association studies, the indirect genome-wide association studies use

anonymous SNPs, which makes it more challenging and strategic. To reduce cost and

improve efficiency in selecting and genotyping the anonymous SNPs, developing an

association map characterized with patterns of LD across the genome is necessary.

Based on the CD/CV hypothesis, the HapMap project was initiated by both of the

public and private organizations in six countries to create such a map with a catalogue
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of common SNPs, which can be used to direct the selection of markers for the indi-

rect genome-wide association study. The HapMap describes the common patterns of

human genetic variation by identifying the chromosomal regions (”blocks”) and the

tag SNPs along the human genome (Altshuler D, 2005; Consortium, 2003). Since the

variants in these regions often have strong LD, the possible number of haplotypes in

these regions will be greatly decreased. Based on this fundamental theory, it is not

necessary to genotype all of the SNPs in these regions for the association studies.

Instead, we only need to identify about 300,000 to 600,000 tag SNPs to capture the

genetic variations of 10 million common SNPs with a minor allele frequency (MAF) of

at least 5% across the entire human population. The detailed process is implemented

by genotyping tag SNPs in the affected and unaffected samples, and the patterns of

association between the tag SNPs and the disease markers are tested by the popu-

lation based case-control studies (e.g. classical chi-square) or family based studies

(e.g, Transmission Disequilibrium Test) (Hirschhorn and Daly, 2005). If a significant

association exists, researchers can identify the functional variants by focusing on the

regions with strong LD to tag SNPs (Concannon et al., 1998).

To prevent over-conservative results due to adjusting for the analysis of a large

number of markers in the candidate-gene method or the genome-wide studies, some-

times, a two-stage design is used for analysis. The two-stage design for genome-wide

studies was first proposed by Sobell et al. in 1993 (Sobell et al., 1993), where an

initial sample was tested for a dense set of markers, and then an independent sample

was tested only on a subset of the most ”significant” markers. The design has re-

cently been extended to the genome-wide scan with methods developed to optimize

the sample size and the significance levels at each stage to maximize the power and

constrain cost and the overall type I error (Lowe et al., 2004; Satagopan and Elston,

2003; Satagopan et al., 2004, 2002; van den Oord and Sullivan, 2003).
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1.5.2 Heterogeneity

Population stratification is a kind of heterogeneity conflicting analysis of both Mendelian

and complex diseases, and it is generally generated from past historical events, in-

cluding admixture, genetic drift, multiple mutations, natural selection, etc. Genetic

heterogeneity, in which the same or similar phenotypes of a complex disorder is caused

by different susceptibility genes (Davies et al., 1994), complicates the analysis of

complex diseases. Many diseases such as diabetes, ischaemic heart disease, asthma,

schizophrenia, Alzheimer and many psychiatric diseases (e.g. autism) are shown to

be genetically heterogeneous. Generally, there are two types of genetic heterogeneity:

(1) allelic heterogeneity where a disorder phenotype is caused by different mutations

within a locus; and (2) locus heterogeneity where mutations at different loci can pro-

duce the same disease phenotype. Since genetic heterogeneity can conflict with both

linkage and linkage disequilibrium in a population, it is believed that the traditional

linkage and association studies work better in the genetic homogeneity (Baron, 2001;

Pritchard and Cox, 2002).

1.5.3 Epistatic effects: Gene-gene and Gene-environment In-

teraction

A gene-gene interaction occurs when the effect of one gene is modified or altered by

one or several other genes. Epistatic effect refers to a phenotype being enhanced

in the interaction, whereas hypostatic effect refers to a phenotype being suppressed.

Environmental factors can affect the expression of gene’s phenotypes in a similar way,

which is called gene-environment interaction. Both gene-gene and gene-environment

interactions are assumed to be common epistatic effects underlying complex diseases

(Carlson et al., 2004a).

Given an expressed phenotype, gene-gene interaction effects can be explained by

two basic epistatic models interactions. Using gene-gene interaction from two loci
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(locus 1 and locus 2) as an example, a synergistic epistatic effect refers to the phe-

nomenon, where the gene-gene interaction between the locus 1 and the locus 2 creates

an effect greater than the predicted effect for either locus acting alone, and an an-

tagonistic epistatic effect refers to the phenomenon, where the gene-gene interaction

creates an effect smaller than the predicted effect for either locus acting alone. When

there is no epistatic interaction, the effects from the locus 1 and the locus 2 are addi-

tive. The epistatic model from two diallelic loci with alleles denoted as A and a can

be explained mathematically by using a linear model. For a quantitative phenotype,

the mathematical model is described as (Cordell, 2002):

y = µ + a1x1 + d1z1 + a2x2 + d2z2 + iaax1x2 + iadx1z2 + idaz1x2 + iddz1z2 (1.2)

The y is a quantitative phenotype and the genotypes at the locus 1 and the locus 2

are represented by a dummy variable xi and zi respectively (Table 1.1). Coefficients

of the linear model 1.2 are defined in the table 1.2. When there is no epistatic effect,

the model 1.2 is simplified as the additive effect:

y = µ + a1x1 + d1z1 + a2x2 + d2z2 (1.3)

The complex linear model can be simplified further as:

yij = αi + βj + Iij (1.4)

In model 1.4, the quantitative yij refers to a phenotypic value with the genotype i at

locus 1 and the genotype j at locus 2. Parameters of αi and βj are the genetic effects

with genotype i at locus 1 and the genotype j at locus 2 respectively. The parameter

Iij is the interaction effect between locus 1 and 2. An additive effect occurs when Iij

is zero.

For a dichotomous disorder, the penetrance (pij) for genotype i at locus 1 and
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genotype j at locus 2 can replace the yij to describe the additive model and the mul-

tiplicative model as pij = αi +βj and pij = αi×βj respectively (Cordell, 2002; Hodge,

1981; Risch, 1990). A more clear definition of the epistatic model for a dichotomous

disorder can be explored by using the relative risk. We can denote the relative risks

of genotype A and B at two loci in 2-by-2 contingency table (Table 1.3).

If there is no epistatic effect, we can get equal relative risk ratios (R11/R01 =

R10/R00) and relative risk differences (R11 − R01 = R10 − R00). A Synergistic effect

should have an increased relative risk ratio (R11/R01 > R10/R00) and a relative risk

difference (R11 − R01 = R10 − R00). In contrast, an antagonistic effect should have

a decreased relative risk ratio (R11/R01 < R10/R00) and a relative risk difference

(R11−R01 < R10−R00). Based on these results, we can test what exactly the epistatic

model is by testing the relative risk ratio or the relative risk difference by using

wald, likelihood ratio or score method (Kupper and Hogan, 1978). For rare complex

diseases, the odds ratio approximates the relative risk ratio and the logarithm of

the odds ratio transforms the multiplicative scales to the linear scale, where a logistic

regression model can be applied in the test. Therefore, the multiplicative model of the

statistical interaction is sometimes called a log-linear or logistic model too (Breslow

and Storer, 1985).

1.5.4 High-order interaction and the curse of dimensionality

Suppose M common variants are involved in a complex disease. The gene-gene inter-

action in M dimensionality is of high-order if the M is large (i.e. M > 3). Accompa-

nied with the high-order interactions, the curse of dimensionality may occur, where a

linear increase in dimension can cause an exponential increase in volume. Specifically,

for M di-allelic markers, the M -dimension corresponds to the volume of 3M , which

defines the exponential association between the volume and the dimension. Unless

the sample size is much larger than 3M , the data will be sparse in the M dimensional

hypercube. Therefore, the first challenge is how to detect the high-order interactions
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if a large sample is not available. The second challenge is how to efficiently iden-

tify the high-order interactions, since the number of possible interactions for even

a relatively small set of candidate genes can be big. For example, 8 candidate loci

will have 28 possible two-factor interactions and 56 possible three-factor interactions.

Generally, for L (L > M) markers under analysis, the possible number of interactions

is 2L − 1. To correctly identify an interaction, it may necessary tests all of the possi-

ble 2L − 1 interactions, which is laborious work and may produce a high demand of

computational load. Lastly, the problem of multiple test issue is unobviated in the

identification of a high-order interaction.

Comprehensive search in the high dimensional space for interactions generally

has poor power (Carlson et al., 2004a). To improve the power, the straight-forward

strategy is to reduce the number of loci, which can be implemented by selecting

only the candidate genes involved in the related biological pathway or picking the

independent loci without LD. However, to solve the multiple tests and the curse of

dimensionality, more advanced statistical methods are required.

In the past decades,many parametric and non-parametric methods have been de-

veloped to detect the high-order interactions. Logistic regression is a common method

used to model multiple genotyped loci simultaneously. Compared to parametric meth-

ods, non-parametric methods do not require specific assumptions of statistical and

genetic hypothesis, i.e. no estimation of parameters and no assumption of inheritance

are needed. Therefore, the non-parametric methods are better in searching for the

trends or patterns in the high-dimensional data sets (Moore and Ritchie, 2004). The

classification and regression trees (CART) (Sachidanandam et al., 2001) aims to build

classification tree by using binary predictors through three steps, growing the tree,

pruning the tree and selecting the optimal tree. Multivariate adaptive regression

splines (MARS) (Friedman, 1991) model the relationships between the responsible

variables and the predicator variables by partitioning the input space with high di-

mension into regions, which have their own regression equations. Bayesian belief

network (BBN) (IJ, 1961) builds a topological model to interpret the interactions
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with joint probability based on a probabilistic reasoning system. The set-association

method (Hoh and Ott, 2000) integrates the allelic association and the Hardy-Weinberg

disequilibrium (HWD) to identify the multiple-gene effects with the ability to han-

dle high dimensionality. The combinatorial partitioning method (CPM) works by

evaluating all of the possible partitions of marker loci and identifying the multilo-

cus genotypic partitions that predict quatitative trait variation based on a certain

optimality criteria (Venter et al., 2001). CPM successfully built the multi-locus mod-

els with interactions to explain and predict the variability in plasma triglyceride and

plasma plasminogen activator inhibitor 1 levels. Culverhouse et al. modified the CPM

to the restricted-partition method (RPM) (Reich et al., 1999) to heuristically restrict

the exhaustive search and reduce its computational load for evaluating interactions.

The multifactor dimensionality reduction (MDR) method (Ritchie et al., 2001)

was developed as an extension of the CPM to search high-order interaction for di-

chotomous disease. The MDR method has been widely applied recently. It divides

data into 10 equal parts. Within each 9/10 of the data, the MDR classifies the multi-

locus genotypes as either the ”high risk” or the ”low risk” depending on the ratio of

cases to controls. If the ratio is higher than 1.0, it is ”high risk”, otherwise, it is ”low

risk”. The best k-gene set is the one that maximizes the ratio in the pooled ”high

risk” group. The MDR uses the remaining 1/10 of the data to calculate the predic-

tion error and the consistency as statistics and applies permutation test to get the

p-values. The MDR is shown successfully in finding gene-gene interactions in atrial

fibrillation and Type 2 diabetes. To tap the advantages by the association studies in

families, MDR-PDT (Martin ER, 2006) merged the MDR method with the genotype-

PDT (Martin et al., 2003) to test the association between disease and genotypes at a

locus or multiple loci jointly. The MDR-PDT allows the identification of single-locus

effects or joint effects due to the independent or gene-gene interactions.
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1.5.5 Bias and confounding

Statistical tests can not answer questions of biologically causativity of a variant or

pathway directly, instead, a significant linkage and/or association can only provide a

guidance to determine whether the finding is worthwhile pursuing further (Terwilliger

and Weiss, 1998). An accurate statistical test is important to give a correct guidance.

The accuracy is affected by confounding factors that are associated with both the

disease and the markers under study. The term of bias related to accuracy describes

the difference between the true parameter and the statistical estimator.

Association methods are often superior to linkage methods for mapping of complex

disease genes. However, association results are generally affected more by the con-

founding factors than linkage results. The bias due to confounding factors can cause

difficulty in the interpretation of the test results. A confounding factor in population-

based association studies is population structure, which can be prevented by checking

whether the genotype frequencies among cases and controls are in Hardy-Weinberg

equilibrium (Campbell and Rudan, 2002). Failure to follow Hardy-Weinberg equilib-

rium may suggest invalid results of the association study due to the possible large

bias. However, control of confounding factors may be never complete, since most of

the genetic studies are observational and it is not feasible to consider all of the possible

confounding factors. The strategies to control the confounding factors are generally

limited to only a small number of confounding factors. In many cases, in spite of

an individual factor contributing only a small confounding effect, the confounding

effect from multiple factors together can be substantial (Thompson, 1994), and it is

easy to miss one or several of these factors. To control for confounding factors, a

straight-forward strategy is trying to match individuals with as similar a background

as possible.
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1.6 Novel methods

Based on the special characteristics of the complex disease, we developed several

methods to improve the power of gene identification. To detect epistatic effects in the

high dimensionality, we extended MDR (EMDR) with alternative statistics, different

validation processes and permutation methods. By testing the known gene-gene in-

teractions in the simulated Genetic Analysis Workshop (GAW14) data with complex

genetic inheritance, we showed that EMDR works better than MDR with improved

computational load (Maher and Brock, 2005). To eliminate, or at least reduce the

effect of genetic heterogeneity, the MDR-Phenomics method was developed to inte-

grate a clinical phenotype for measuring the heterogeneity. Complicated simulation

tests showed that the MDR-Phenomics improves the power under all of the simu-

lated cases. Analysis of autism data by the MDR-Phenomics successfully identified

the interaction between the serotonin transporter gene [SLC6A4] and integrin beta

3 [ITGB3] on Chr 17. To address the problem of genetic and population hetero-

geneity, the algorithm of phenotypic homogeneous distinction (PHD) was developed

to get a phenotypic IDENTIFIER that is characteristic of homogeneous association.

The IDENTIFIER is applied back to recruit pedigree data for association studies.

Analysis of the simulated datasets under different heterogeneity shows that an asso-

ciation study integrated with an IDENTIFIER is more powerful than the traditional

association studies.

27



List of References

Abreu PC, Greenberg DA, Hodge SE (1999). Direct power comparisons between

simple LOD scores and NPL scores for linkage analysis in complex diseases. Am J

Hum Genet 65(3):847–57.

Allison DB (1997). Transmission-disequilibrium tests for quantitative traits. Am

J Hum Genet 60(3):676–90.

Allison DB, Heo M, Kaplan N, Martin ER (1999). Sibling-based tests of linkage

and association for quantitative traits. Am J Hum Genet 64(6):1754–63.

Altshuler D Brooks LD CACFDMDP (2005). A haplotype map of the human

genome. Nature 437:1299–1320.

Ardlie KG, Kruglyak L, Seielstad M (2002). Patterns of linkage disequilibrium in

the human genome. Nat Rev Genet 3(4):299–309.

Baron M (1999). Candidate genes and behavioral traits–candidly! Arch Gen

Psychiatry 56(6):582–3.

Baron M (2001). The search for complex disease genes: fault by linkage or fault

by association? Mol Psychiatry 6(2):143–9.

Bengtsson BO, Thomson G (1981). Measuring the strength of associations between

HLA antigens and diseases. Tissue Antigens 18(5):356–63.

28



Blackwelder WC, Elston RC (1985). A comparison of sib-pair linkage tests for

disease susceptibility loci. Genet Epidemiol 2(1):85–97.

Boehnke M (1994). Limits of resolution of genetic linkage studies: implications for

the positional cloning of human disease genes. Am J Hum Genet 55(2):379–90.

Boehnke M, Langefeld CD (1998). Genetic association mapping based on discor-

dant sib pairs: the discordant-alleles test. Am J Hum Genet 62(4):950–61.

Botstein D, Risch N (2003). Discovering genotypes underlying human phenotypes:

past successes for mendelian disease, future approaches for complex disease. Nat

Genet 33 Suppl:228–37.

Botstein D, White RL, Skolnick M, Davis RW (1980). Construction of a genetic

linkage map in man using restriction fragment length polymorphisms. Am J Hum

Genet 32(3):314–31.

Breslow NE, Storer BE (1985). General relative risk functions for case-control

studies. Am J Epidemiol 122(1):149–62.

Browning SR, Briley JD, Briley LP, Chandra G, Charnecki JH, Ehm MG, Jo-

hansson KA, et al (2005). Case-control single-marker and haplotypic association

analysis of pedigree data. Genet Epidemiol 28(2):110–22.

Buhler J, Owerbach D, Schaffer AA, Kimmel M, Gabbay KH (1997). Linkage

analyses in type I diabetes mellitus using CASPAR, a software and statistical

program for conditional analysis of polygenic diseases. Hum Hered 47(4):211–22.

Cambien F, Poirier O, Nicaud V, Herrmann SM, Mallet C, Ricard S, Behague I,

et al (1999). Sequence diversity in 36 candidate genes for cardiovascular disorders.

Am J Hum Genet 65(1):183–91.

Campbell H, Rudan I (2002). Interpretation of genetic association studies in com-

plex disease. Pharmacogenomics J 2(6):349–60.

29



Cargill M, Altshuler D, Ireland J, Sklar P, Ardlie K, Patil N, Shaw N, et al (1999).

Characterization of single-nucleotide polymorphisms in coding regions of human

genes. Nat Genet 22(3):231–8.

Carlson CS, Eberle MA, Kruglyak L, Nickerson DA (2004a). Mapping complex

disease loci in whole-genome association studies. Nature 429(6990):446–52.

Carlson CS, Eberle MA, Rieder MJ, Yi Q, Kruglyak L, Nickerson DA (2004b).

Selecting a maximally informative set of single-nucleotide polymorphisms for asso-

ciation analyses using linkage disequilibrium. Am J Hum Genet 74(1):106–20.

Chakravarti A (1999). Population genetics–making sense out of sequence. Nat

Genet 21(1 Suppl):56–60.

Clerget-Darpoux F, Bonaiti-Pellie C, Hochez J (1986). Effects of misspecifying

genetic parameters in lod score analysis. Biometrics 42(2):393–9.

Collins FS, Brooks LD, Chakravarti A (1998). A DNA polymorphism discovery

resource for research on human genetic variation. Genome Res 8(12):1229–31.

Collins FS, Guyer MS, Charkravarti A (1997). Variations on a theme: cataloging

human DNA sequence variation. Science 278(5343):1580–1.

Concannon P, Gogolin-Ewens KJ, Hinds DA, Wapelhorst B, Morrison VA, Stirling

B, Mitra M, et al (1998). A second-generation screen of the human genome for

susceptibility to insulin-dependent diabetes mellitus. Nat Genet 19(3):292–6.

Consortium TIH (2003). The International HapMap Project. Na-

ture 426(6968):789–96.

Cordell HJ (2002). Epistasis: what it means, what it doesn’t mean, and statistical

methods to detect it in humans. Hum Mol Genet 11(20):2463–8.

30



Cox NJ, Frigge M, Nicolae DL, Concannon P, Hanis CL, Bell GI, Kong A (1999).

Loci on chromosomes 2 (NIDDM1) and 15 interact to increase susceptibility to

diabetes in Mexican Americans. Nat Genet 21(2):213–5.

Davies JL, Kawaguchi Y, Bennett ST, Copeman JB, Cordell HJ, Pritchard LE,

Reed PW, et al (1994). A genome-wide search for human type 1 diabetes suscep-

tibility genes. Nature 371(6493):130–6.

Devlin B, Risch N (1995). A comparison of linkage disequilibrium measures for

fine-scale mapping. Genomics 29(2):311–22.

Durner M, Vieland VJ, Greenberg DA (1999). Further evidence for the in-

creased power of LOD scores compared with nonparametric methods. Am J Hum

Genet 64(1):281–9.

Edwards A, Civitello A, Hammond HA, Caskey CT (1991). DNA typing and

genetic mapping with trimeric and tetrameric tandem repeats. Am J Hum

Genet 49(4):746–56.

Elston RC (1997). 1996 William Allan Award Address. Algorithms and inferences:

the challenge of multifactorial diseases. Am J Hum Genet 60(2):255–62.

Falk CT, Rubinstein P (1987). Haplotype relative risks: an easy reliable way to

construct a proper control sample for risk calculations. Ann Hum Genet 51 ( Pt

3):227–33.

Friedman H (1991). Multivariate adaptive regression splines. Ann. Stat. 19:1–141.

Gabriel SB, Schaffner SF, Nguyen H, Moore JM, Roy J, Blumenstiel B, Higgins

J, et al (2002). The structure of haplotype blocks in the human genome. Sci-

ence 296(5576):2225–9.

31



George V, Tiwari HK, Zhu X, Elston RC (1999). A test of transmis-

sion/disequilibrium for quantitative traits in pedigree data, by multiple regression.

Am J Hum Genet 65(1):236–45.

Goldin LR, Weeks DE (1993). Two-locus models of disease: comparison of likeli-

hood and nonparametric linkage methods. Am J Hum Genet 53(4):908–15.

Greenberg DA, Abreu P, Hodge SE (1998). The power to detect linkage in complex

disease by means of simple LOD-score analyses. Am J Hum Genet 63(3):870–9.

Greenland S (2000). Principles of multilevel modelling. Int J Epidemiol 29(1):158–

67.

Greenland S, Robins JM (1991). Empirical-Bayes adjustments for multiple com-

parisons are sometimes useful. Epidemiology 2(4):244–51.

Hill W, Robertson A (1968). Linkage disequilibrium in finite populations. Theor.

Appl. Genet. 38:226–231.

Hirschhorn JN, Daly MJ (2005). Genome-wide association studies for common

diseases and complex traits. Nat Rev Genet 6(2):95–108.

Hodge SE (1981). Some epistatic two-locus models of disease. I. Relative risks and

identity-by-descent distributions in affected sib pairs. Am J Hum Genet 33(3):381–

95.

Hoh JJ, Ott J (2000). Complex inheritance and localizing disease genes. Hum

Hered 50(1):85–9.

IJ G (1961). A causal calculus. Br J Philos Sci 11:305–318.

Jacob HJ, Lindpaintner K, Lincoln SE, Kusumi K, Bunker RK, Mao YP, Ganten

D, et al (1991). Genetic mapping of a gene causing hypertension in the stroke-prone

spontaneously hypertensive rat. Cell 67(1):213–24.

32



Jeffreys AJ, Wilson V, Thein SL (1985). Hypervariable ’minisatellite’ regions in

human DNA. Nature 314(6006):67–73.

Jennings HS (1916). The Numerical Results of Diverse Systems of Breeding. Proc

Natl Acad Sci U S A 2(1):45–50.

Jorde LB (2000). Linkage disequilibrium and the search for complex disease genes.

Genome Res 10(10):1435–44.

Kerem B, Rommens JM, Buchanan JA, Markiewicz D, Cox TK, Chakravarti A,

Buchwald M, et al (1989). Identification of the cystic fibrosis gene: genetic analysis.

Science 245(4922):1073–80.

Knapp M Seuchter SA BM (1993). The haplotype-relative-risk (HRR) method for

analysis of association in nuclear families. Am J Hum Genet 52:1085–1093.

Knowler WC, Williams RC, Pettitt DJ, Steinberg AG (1988). Gm3;5,13,14 and

type 2 diabetes mellitus: an association in American Indians with genetic admix-

ture. Am J Hum Genet 43(4):520–6.

Kruglyak L (1997). What is significant in whole-genome linkage disequilibrium

studies? Am J Hum Genet 61(4):810–2.

Kruglyak L (1999). Prospects for whole-genome linkage disequilibrium mapping of

common disease genes. Nat Genet 22(2):139–44.

Kruglyak L, Daly MJ, Reeve-Daly MP, Lander ES (1996). Parametric and

nonparametric linkage analysis: a unified multipoint approach. Am J Hum

Genet 58(6):1347–63.

Kupper LL, Hogan MD (1978). Interaction in epidemiologic studies. Am J Epi-

demiol 108(6):447–53.

Lander E, Kruglyak L (1995). Genetic dissection of complex traits: guidelines for

interpreting and reporting linkage results. Nat Genet 11(3):241–7.

33



Lander ES (1996). The new genomics: global views of biology. Sci-

ence 274(5287):536–9.

Lander ES, Schork NJ (1994). Genetic dissection of complex traits. Sci-

ence 265(5181):2037–48.

Lewontin RC (1964). The Interaction of Selection and Linkage. I. General consid-

erations; hetrotic models. Genetics 49:49–67.

Li T Sham PC VHXTTXMRLXCD (1996). Preferential transmission of the high

activity allele of COMT in schizophrenia. Psychiatr Genet 6:131–133.

Litt M, Luty JA (1989). A hypervariable microsatellite revealed by in vitro ampli-

fication of a dinucleotide repeat within the cardiac muscle actin gene. Am J Hum

Genet 44(3):397–401.

Lowe CE, Cooper JD, Chapman JM, Barratt BJ, Twells RC, Green EA, Savage

DA, et al (2004). Cost-effective analysis of candidate genes using htSNPs: a staged

approach. Genes Immun 5(4):301–5.

Lucek P, Hanke J, Reich J, Solla SA, Ott J (1998). Multi-locus nonparametric

linkage analysis of complex trait loci with neural networks. Hum Hered 48(5):275–

84.

Maher BS, Brock GN (2005). Approaches to detecting gene x gene interaction in

Genetic Analysis Workshop 14 pedigrees. Genet Epidemiol 29 Suppl 1:S116–9.

Marchini J Cardon LR PMDP (2004). The effects of human population structure

on large genetic association studies. Nat Genet 36:512–517.

Martin ER, Bass MP, Gilbert JR, Pericak-Vance MA, Hauser ER (2003).

Genotype-based association test for general pedigrees: the genotype-PDT. Genet

Epidemiol 25(3):203–13.

34



Martin ER, Monks SA, Warren LL, Kaplan NL (2000). A test for linkage and

association in general pedigrees: the pedigree disequilibrium test. Am J Hum

Genet 67(1):146–54.

Martin ER Ritchie MD HLKSMJ (2006). A novel method to identify gene-gene

effects in nuclear families: the. Genet Epidemiol 30:111–23.

Moore JH, Ritchie MD (2004). STUDENTJAMA. The challenges of whole-genome

approaches to common diseases. Jama 291(13):1642–3.

Morton NE (1955). Sequential tests for the detection of linkage. Am J Hum

Genet 7(3):277–318.

Morton NE (1998). Significance levels in complex inheritance. Am J Hum

Genet 62(3):690–7.

Mullis K, Faloona F, Scharf S, Saiki R, Horn G, Erlich H (1986). Specific enzymatic

amplification of DNA in vitro: the polymerase chain reaction. Cold Spring Harb

Symp Quant Biol 51 Pt 1:263–73.

Nakamura Y, Leppert M, O’Connell P, Wolff R, Holm T, Culver M, Martin C,

et al (1987). Variable number of tandem repeat (VNTR) markers for human gene

mapping. Science 235(4796):1616–22.

Ott J (1999). Analysis of Human Genetic Linkage. Baltimore: The Johns Hopkins

University Press.

Pritchard JK (2001). Are rare variants responsible for susceptibility to complex

diseases? Am J Hum Genet 69(1):124–37.

Pritchard JK, Cox NJ (2002). The allelic architecture of human disease genes:

common disease-common variant...or not? Hum Mol Genet 11(20):2417–23.

Reich T, Hinrichs A, Culverhouse R, Bierut L (1999). Genetic studies of alcoholism

and substance dependence. Am J Hum Genet 65(3):599–605.

35



Riordan JR, Rommens JM, Kerem B, Alon N, Rozmahel R, Grzelczak Z, Zielenski

J, et al (1989). Identification of the cystic fibrosis gene: cloning and characteriza-

tion of complementary DNA. Science 245(4922):1066–73.

Risch N (1990). Linkage strategies for genetically complex traits. I. Multilocus

models. Am J Hum Genet 46(2):222–8.

Risch N, Merikangas K (1996). The future of genetic studies of complex human

diseases. Science 273(5281):1516–7.

Risch N, Teng J (1998). The relative power of family-based and case-control de-

signs for linkage disequilibrium studies of complex human diseases I. DNA pooling.

Genome Res 8(12):1273–88.

Risch NJ (2000). Searching for genetic determinants in the new millennium. Na-

ture 405(6788):847–56.

Ritchie MD, Hahn LW, Roodi N, Bailey LR, Dupont WD, Parl FF, Moore JH

(2001). Multifactor-dimensionality reduction reveals high-order interactions among

estrogen-metabolism genes in sporadic breast cancer. Am J Hum Genet 69(1):138–

47.

Sachidanandam R, Weissman D, Schmidt SC, Kakol JM, Stein LD, Marth G,

Sherry S, et al (2001). A map of human genome sequence variation containing 1.42

million single nucleotide polymorphisms. Nature 409(6822):928–33.

Satagopan JM, Elston RC (2003). Optimal two-stage genotyping in population-

based association studies. Genet Epidemiol 25(2):149–57.

Satagopan JM, Venkatraman ES, Begg CB (2004). Two-stage designs for gene-

disease association studies with sample size constraints. Biometrics 60(3):589–97.

Satagopan JM, Verbel DA, Venkatraman ES, Offit KE, Begg CB (2002). Two-stage

designs for gene-disease association studies. Biometrics 58(1):163–70.

36



Sawcer S, Jones HB, Judge D, Visser F, Compston A, Goodfellow PN, Clayton

D (1997). Empirical genomewide significance levels established by whole genome

simulations. Genet Epidemiol 14(3):223–9.

Schaid DJ (1998). Transmission disequilibrium, family controls, and great expec-

tations. Am J Hum Genet 63(4):935–41.

Schork NJ (2002). Power calculations for genetic association studies using esti-

mated probability distributions. Am J Hum Genet 70(6):1480–9.

Schork NJ, Boehnke M, Terwilliger JD, Ott J (1993). Two-trait-locus linkage

analysis: a powerful strategy for mapping complex genetic traits. Am J Hum

Genet 53(5):1127–36.

Schwab SG Hallmayer J AMLBEGBMSRHCFJYATMFPRMMWWD (2000). A

genome-wide autosomal screen for schizophrenia susceptibility loci in 71 families

with affected siblings: support for loci on chromosome 10p and 6. Mol Psychia-

try 5:638–649.

Scott WK, Pericak-Vance MA, Haines JL (1997). Genetic analysis of complex

diseases. Science 275(5304):1327; author reply 1329–30.

Sellick GS, Longman C, Tolmie J, Newbury-Ecob R, Geenhalgh L, Hughes S,

Whiteford M, et al (2004). Genomewide linkage searches for Mendelian disease

loci can be efficiently conducted using high-density SNP genotyping arrays. Nu-

cleic Acids Res 32(20):e164.

Sham PC, Curtis D (1995). An extended transmission/disequilibrium test (TDT)

for multi-allele marker loci. Ann Hum Genet 59(Pt 3):323–36.

Singleton A (2003). Familiality in simple and complex disease. Clin Auton

Res 13(2):88–90.

37



Sobell JL, Heston LL, Sommer SS (1993). Novel association approach for determin-

ing the genetic predisposition to schizophrenia: case-control resource and testing

of a candidate gene. Am J Med Genet 48(1):28–35.

Spielman RS, Ewens WJ (1996). The TDT and other family-based tests for linkage

disequilibrium and association. Am J Hum Genet 59(5):983–9.

Spielman RS, Ewens WJ (1998). A sibship test for linkage in the presence of

association: the sib transmission/disequilibrium test. Am J Hum Genet 62(2):450–

8.

Spielman RS, McGinnis RE, Ewens WJ (1993). Transmission test for linkage

disequilibrium: the insulin gene region and insulin-dependent diabetes mellitus

(IDDM). Am J Hum Genet 52(3):506–16.

Stone EM, Fingert JH, Alward WL, Nguyen TD, Polansky JR, Sunden SL,

Nishimura D, et al (1997). Identification of a gene that causes primary open angle

glaucoma. Science 275(5300):668–70.

Sun F, Flanders WD, Yang Q, Khoury MJ (1999). Transmission disequilibrium test

(TDT) when only one parent is available: the 1-TDT. Am J Epidemiol 150(1):97–

104.

Taillon-Miller P, Piernot EE, Kwok PY (1999). Efficient approach to unique single-

nucleotide polymorphism discovery. Genome Res 9(5):499–505.

Teng J, Risch N (1999). The relative power of family-based and case-control de-

signs for linkage disequilibrium studies of complex human diseases. II. Individual

genotyping. Genome Res 9(3):234–41.

Terwilliger JD (1995). A powerful likelihood method for the analysis of linkage

disequilibrium between trait loci and one or more polymorphic marker loci. Am J

Hum Genet 56(3):777–87.

38



Terwilliger JD, Ott J (1994). Handbook of human genetic linkage. Baltimore: The

John Hopkins University Press.

Terwilliger JD, Weiss KM (1998). Linkage disequilibrium mapping of complex

disease: fantasy or reality? Curr Opin Biotechnol 9(6):578–94.

Thompson WD (1994). Statistical analysis of case-control studies. Epidemiol

Rev 16(1):33–50.

Thomson G (1995). Mapping disease genes: family-based association studies. Am

J Hum Genet 57(2):487–98.

van den Oord EJ, Sullivan PF (2003). A framework for controlling false discovery

rates and minimizing the amount of genotyping in the search for disease mutations.

Hum Hered 56(4):188–99.

Venter JC, Adams MD, Myers EW, Li PW, Mural RJ, Sutton GG, Smith HO,

et al (2001). The sequence of the human genome. Science 291(5507):1304–51.

Wang DG, Fan JB, Siao CJ, Berno A, Young P, Sapolsky R, Ghandour G, et al

(1998). Large-scale identification, mapping, and genotyping of single-nucleotide

polymorphisms in the human genome. Science 280(5366):1077–82.

Weeks DE, Harby LD (1995). The affected-pedigree-member method: power to

detect linkage. Hum Hered 45(1):13–24.

Weeks DE, Lange K (1988). The affected-pedigree-member method of linkage

analysis. Am J Hum Genet 42(2):315–26.

Weeks DE, Lange K (1992). A multilocus extension of the affected-pedigree-

member method of linkage analysis. Am J Hum Genet 50(4):859–68.

Weinberg CR (1999). Allowing for missing parents in genetic studies of case-parent

triads. Am J Hum Genet 64(4):1186–93.

39



Weiss KM, Clark AG (2002). Linkage disequilibrium and the mapping of complex

human traits. Trends Genet 18(1):19–24.

Williams JG, Kubelik AR, Livak KJ, Rafalski JA, Tingey SV (1990). DNA poly-

morphisms amplified by arbitrary primers are useful as genetic markers. Nucleic

Acids Res 18(22):6531–5.

Wilson SR (1997). On extending the transmission/disequilibrium test (TDT). Ann

Hum Genet 61(Pt 2):151–61.

Xiong M, Guo SW (1998). The power of linkage detection by the transmis-

sion/disequilibrium tests. Hum Hered 48(6):295–312.

Xiong MM, Krushkal J, Boerwinkle E (1998). TDT statistics for mapping quanti-

tative trait loci. Ann Hum Genet 62(Pt 5):431–52.

40



Table 1.1: Definition of Dummy Variable for Genotype at Interaction Model

xi zi genotype
1 -0.5 AA
0 0.5 Aa

-1 -0.5 aa
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Table 1.2: Definition of Parameters at Interaction Model

Parameters Definition
µ The background phenotypic value without effect from

loci
a1 Additive effect within locus 1 due to allele A substituting

allele a
d1 Dominant effect within locus 1 due to heterozygote sub-

stituting homozygote
a2 Additive effect within locus 2 due to allele A substituting

allele a
d2 Dominant effect within locus 2 due to heterozygote sub-

stituting homozygote
iaa, ida, ida, idd Epistatic interaction effects from interaction between two

within-locus effects

42



Table 1.3: Relative Risk of two-locus model

Genotype B is present Genotype B is absent
Genotype A is present R11 R01

Genotype A is absent R10 R00
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2.1 Abstract

The Multifactor Dimensionality Reduction (MDR) is a model-free approach that can

identify gene-gene or gene-environment effects in a case-control study. Here we explore

several modifications of the MDR method. We extended MDR (EMDR) to provide

model selection without crossvalidation, and use a chi-square statistic as an alternative

to prediction error (PE). We also modified the permutation test to provide different

levels of stringency. The EMDR includes three permutation tests (Fixed, Non-Fixed

and Omnibus) to obtain P-values of multi-locus models. The goal of this study

was to compare the different approaches implemented in the EMDR method and

evaluate the ability to identify genetic effects in the GAW14 simulated data. We used

three replicates from the simulated family data, generating matched pairs from family

triads. The results showed: 1) chi-square and PE statistics give nearly consistent

results; 2) results of EMDR without crossvalidation matched that of EMDR with

10-fold crossvalidation; 3) the fixed permutation test reports false-positive results in

data from loci unrelated to the disease, but the non-fixed and omnibus permutation

tests perform well in preventing false positives, with the omnibus test being the most

conservative. We conclude that the non-crossvalidation test can provide accurate

results with the advantage of high efficiency compared to 10-crossvalidation, and the

non-fixed permutation test provides a good compromise between power and false-

positive rate.
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2.2 Introduction

The Multifactor Dimensionality Reduction (MDR) is a model-free approach that can

identify gene-gene or gene-environment effects in a case-control study. Here we explore

several modifications of the MDR method. We extended MDR (EMDR) to provide

model selection without crossvalidation, and use a chi-square statistic as an alternative

to prediction error (PE). We also modified the permutation test to provide different

levels of stringency. The EMDR includes three permutation tests (Fixed, Non-Fixed

and Omnibus) to obtain P-values of multi-locus models. The goal of this study

was to compare the different approaches implemented in the EMDR method and

evaluate the ability to identify genetic effects in the GAW14 simulated data. We used

three replicates from the simulated family data, generating matched pairs from family

triads. The results showed: 1) chi-square and PE statistics give nearly consistent

results; 2) results of EMDR without crossvalidation matched that of EMDR with

10-fold crossvalidation; 3) the fixed permutation test reports false-positive results in

data from loci unrelated to the disease, but the non-fixed and omnibus permutation

tests perform well in preventing false positives, with the omnibus test being the most

conservative. We conclude that the non-crossvalidation test can provide accurate

results with the advantage of high efficiency compared to 10-crossvalidation, and the

non-fixed permutation test provides a good compromise between power and false-

positive rate.

2.3 Background

Gene-gene and gene-environment interactions undoubtedly play an important role

in risk of complex diseases. These interactive effects, particularly when there are

weak marginal effects, may be difficult to detect with traditional analysis approaches.

Though classic statistical methods (e.g, logistical regression) are commonly used,

as the number of possible interactions increases, the number of interaction terms
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grows exponentially with the addition of the main effect of each gene, leading to

over-parameterization and low power in models with high-dimensionality (Moore and

Williams, 2002). To address this concern, the Multifactor Dimensionality Reduction

(MDR) was developed to identify interactions among multiple factors, which together

influence disease susceptibility(Ritchie et al., 2001).

The MDR method was inspired by the combinatorial partitioning (CP) method,

which builds models using data-driven methods (Nelson et al., 2001). In contrast

to CP, MDR always reduces the dimensionality to two partitions, high risk and low

risk. By applying the technique of n − 1 crossvalidation (keeping n − 1 groups for

training and leaving out one group for validation), MDR identifies the best model

with maximum consistency and minimum prediction error. To evaluate whether the

best model is statistically significant, a permutation test based on data simulation

is applied to obtain a p − value. Though the MDR has been shown to provide

a powerful approach (Ritchie et al., 2003), it does have some limitations. First,

the MDR uses prediction error as estimate of the internal validity of the selected

model. Prediction error represents the percentage of misclassification error in the

test dataset. Theoretically, the smaller the prediction error is, the better the model

is at predicting disease status. However, in real data analysis of complex diseases,

significant models often have relatively high prediction error, typically greater than

40%. This is a particular problem when risk alleles are common. A second difficulty

is that the MDR ideally determines the best model with maximum consistency and

minimum prediction error. But in real analysis, consistency and prediction error often

conflict. We have experienced this in our analysis of real data, where, using 10-fold

crossvalidation, a model with consistency as high as 9 may have prediction error much

higher than a model with consistency of only 1. Finally, the MDR permutation test

simultaneously assesses significance over all combinations of marker loci evaluated

(i.e. complete permutation test, discussed below), which is powerful in decreasing

type I error, but can lead to a severe loss in power.

To address these limitations, we have extended the MDR in several ways (EMDR,
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as we refer to it). The EMDR provides both a chi-square statistic and prediction

error with or without 10-fold crossvalidation for selection of the best model. Three

permutation tests are provided to obtain the p − value, based on different hypothe-

ses. We used the GAW14 simulated data, specifically targeting regions with known

interactions (based on knowledge of ”the answers”), to evaluate the novel features of

EMDR and compare it with the original MDR.

2.4 Methods

2.4.1 Dataset

The dataset used for validation of the EMDR was the simulated GAW14 data of

Kofendrerd Personality Disorder (KPD). The broadest phenotype, P3, was selected

for this study. We selected the first qualifying family triad (2 parents and 1 affected

offspring) from each pedigree in the simulated family dataset. To provide an adequate

sample size we pooled replicates 1-3 for a total of 440 independent triads.

We consulted ”the answers” to target our exploration of multi-locus effects to

specific loci. The answers revealed that there are 2-way interactions involving four loci

affecting risk for P3 (D1-D4 and D2-D3). We considered several sets of markers (see

Table 2.1) to explore the properties of the EMDR. Due to computational limitations,

we restricted the size of each marker set to eight markers. Data I contains eight

independent markers unlinked to any of the disease loci on chromosome 2. Eight

markers were selected in Data II surrounding disease loci D1 and D4. Similarly eight

markers in Data III surround disease loci D2 and D3 (Table 2.1).

2.4.2 Statistics

The EMDR, like MDR, develops a locus model to predict affection status, grouping

genotypes into high- and low-risk classes. The 10-fold crossvalidation test of EMDR

divides the dataset into 10 training datasets (each with 90% of the sample), which
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are used to train the locus model, and 10 test datasets (each with the remaining

10% of the sample), which are used to validate the locus model(Hahn et al., 2003).

10-fold crossvalidation can output at most 10 different locus models from which the

best model is selected based on statistics computed in the test dataset. Two statistics

are computed for each model: chi-square and prediction error (PE). PE is calculated

as the proportion of cases and controls that are misclassified by the model. The

chi-square statistic measures the association between genotype (high-risk and low-

risk group) and affection status (case and control group) in a two-way table. It is

calculated as sum of the square of the differences between the observed and expected

frequency in each cell, divided by the expected value, across all of the cells in the

table (χ2 =
∑ (observed−expected)2

expected
). The identification of the best model is based on the

value of chi-square or PE. It is possible in a 10-crossvalidation EMDR run to generate

two different best models in terms of largest chi-square or smallest PE.

Assessing statistical significance of a model depends on a p−value from a permu-

tation test. A model with a p − value ≤ 0.05 is regarded as a significant multi-locus

effect in our analyses. EMDR provides three types of permutation tests, in which

each adjusts for the data reduction technique across locus combinations to a different

extent. All permutation tests hypothesize that a specific n-locus genotype model is

independent of disease status. To identify the locus model, matched pairs from the

GAW14 simulated data are constructed by deriving transmitted and nontransmitted

alleles from independent family triads (parents and an affected child.), where the case

genotype is the transmitted pair of alleles and the pseudocontrol is the nontransmit-

ted pair. The simulated data for the permutation test are generated by permuting

the status of case and control within each pair. (e.g., for a family triad transmitted

and nontransmitted genotypes are permuted randomly). The fixed permutation test

considers only the specific best n-locus model (e.g. suppose loci 1 and 2 are selected

for the two locus model). The exact same set of loci is then evaluated in the permuted

dataset, redefining high- and low-risk genotype classes and recomputing the statistic

(PE, Chi-square) for that model. After conducting the procedure a large number
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of times (e.g., 1000 times), we compare the observed statistic to the distribution of

permuted statistics to obtain the p − value.

The non-fixed and the omnibus permutation tests are more computationally in-

tensive. Suppose the total number of markers or loci in dataset is m. To compute

the p − value of a specific n-locus model, the non-fixed permutation test computes

the statistic in the permuted data considering all possible n-locus models (i.e.,all

m!/[(m − n)! · n!] models). In the omnibus permutation test, the statistic is selected

from the entire set of models, i.e., all 1-locus, 2-locus,· · · ,k-locus models (i.e., all∑k
i=1 m!/((m− i)! · i!) models). For bi-allelic loci, the value of k, the largest number

allowed for testing , follows the formula: j/3k > 3 (j is the size of the test dataset in

10-fold crossvalidation).

2.5 Results

2.5.1 Unlinked loci

Data I (markers unlinked to disease loci) was first analyzed by the EMDR to evalu-

ate false-positive rates. For non-crossvalidation, the non-fixed permutation test did

not detect any significant model (table 2.2). In contrast, the fixed permutation test

yielded significant 2-locus models (p = 0.05 and 0.02 for chi-square and PE respec-

tively). The results are similar to 10-fold cross-validation. As expected, the omnibus

test did not give us the significant results (data not shown).

2.5.2 D1-D4 multi-locus effects

Data II includes a set of markers flanking loci D1 and D4. 10-fold crossvalidation

and non-crossvalidation identified the same best 1-, 2-, and 3-locus models using both

chi-square and PE test statistics (table 2.3). However, the two markers involved in

the best 2-locus model are all located in D4 region. Only the best 3-locus model

included markers near both D1 and D4. This effect was identified by all permutation
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tests except non-fixed permutation test with 10-fold crossvalidation.

2.5.3 D2-D3 multi-locus effects

Data III includes markers flanking D2 and D3. Both the chi-square and PE statistics

gave the same 1- and 2-locus models with and without crossvalidation (table 2.4).

However, the chi-square statistic displayed a different 3-locus model from PE. This

discrepancy is likely due to computational differences of the statistics when there are

minor differences between the models. All best models were significant under fixed

and non-fixed permutation test. However, neither of 2- and 3-locus models include

markers around D2. The omnibus permutation test gave a significant 3-locus model

only.

Table 2.5 shows models other than the best model that were also significant with

the EMDR. The chi-square and PE under fixed and non-fixed permutation test de-

tected significant 2- and 3-locus models that include markers around both D2 and

D3. This shows that although the D2-D3 effect was not detected as the best model,

it was successfully identified among significant models.

2.6 Discussion

Our analysis of the GAW14 simulated data gives a comparison of the traditional MDR

and several different options in the EMDR with the benefit of knowing the answers.

The traditional MDR identifies the best marker models by 10-fold crossvalidation us-

ing the PE statistic and obtains p−values by permutation testing (i.e. omnibus per-

mutation in EMDR). Our EMDR extended the MDR to include a chi-square statistic

in addition to PE, options for 10-fold crossvalidation or non-crossvalidation (with PE

and chi-square statistics), and multiple permutation tests (fixed, non-fixed and om-

nibus). By comparing these different methods, we found that 10-fold crossvalidation

and non-crossvalidation were fairly consistent in identification of the best locus-model.

The fixed permutation test produced several false positive results, and the omnibus
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permutation test of the traditional MDR lost the power to identify the known D1-D4

and D2-D3 interaction. In Data I (unlinked to disease loci), non-crossvalidation with

non-fixed permutation test generated p − values over 0.5 for nearly all of the best

models (1-, 2- and 3- models) with no false positives. Non-crossvalidation with the

non-fixed permutation test also correctly detected significant marker effects between

D1-D4 in Data II and significant marker effects between D2-D3 in Data III, suggesting

that non-crossvalidation with the non-fixed permutation test has the power to iden-

tify true multi-locus interactions (D1-D4 and D2-D3 interactions). We conclude that

non-crossvalidation using the non-fixed permutation test performs well on matched

data from three replicates (440 case/control pairs) from the GAW14 simulated data.

In the GAW14 simulated data, we found that the model statistics of the 10-

fold crossvalidation approach had large variation leading to inconsistent conclusions.

Small sample size of the test data and genetic heterogeneity could cause these in-

consistencies, under which non-crossvalidation performs better. Non-crossvalidation

improved two limitations of the original MDR (computational intensity and high di-

mensionality with small sample) (Ritchie et al., 2001). Non-crossvalidation has the

advantage of high computational efficiency (no validation by test data is needed),

and had no false positive results and was more consistently able to detect true loci

compared with the original 10-fold crossvalidation approach of the MDR.

Similar to MDR, the EMDR has the power to detect joint effects of multiple

genes on disease risk. However, the method cannot itself differentiate interactions

from main effects, nor can it distinguish whether a joint effect is driven by a strong

marginal effect. For example, in the Data II analysis, EMDR identified [6], [2 6] and

[2 6 7] as significant best models, however, it is hard to tell if the gene-gene effect

within [2 6] and [2 6 7] is driven by [6] only or due to the interaction between D2 and

D3. One possible solution is to use logistic regression to model the genotype effects.

We tested [2 6] model in this study, but found no interaction between locus 2 and 6

while forcing all factors into the model, suggesting that the 2-locus model might be

due to the combination effect of independent main effects. Interpretation of models
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developed by the EMDR in complex genetic diseases is an important direction for

future studies.
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Table 2.1: Marker Description of Data I, II and III
Data I Data II Data III

Marker Index Marker Name Marker Name Loci Marker Name Loci
1 C02R0092 C01R0052 D1 B03T3064
2 C02R0105 B01T0561 D1 B03T3065
3 C02R0118 B01T0562 B03T3066
4 C02R0131 B01T0563 B03T3067 D2
5 C02R0144 B09T8335 B05T4135
6 C02R0157 C09R0765 D4 B05T4136 D3
7 C02R0170 B09T8337 D4 C05R0380 D3
8 C02R0183 B09T8338 B05T4138
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Table 2.2: non-crossvalidation analysis of Data I

Model χ2 PNXF PNXN PE PNPF PNPN

[ 8 ] 1.939 0.284 > 0.284 0.4773 0.198 > 0.198
[ 4 8 ] 7.099 0.05 0.592 0.4557 0.024 0.363

[ 2 7 8 ] 12.49 0.228 > 0.228 0.4409 0.207 > 0.207

PNXF : p−value by non-crossvalition (N) with χ2 (X) as statistic and fixed(F)
permutation;
PNXN : p − value by non-crossvalition (N) with χ2 (X) as statistic and non-
fixed(N) permutation;
PNPF : p− value by non-crossvalition (N) with PE(P) as statistic and fixed(F)
permutation;
PNPN : p − value by non-crossvalition (N) with PE (P) as statistic and non-
fixed(N) permutation;
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Table 2.3: Analysis of Data II

Model χ2 P XF P XN PE P PF P PN P PO

10-fold crossvalidation
[ 6 ] 1.446 0.136 0.572 0.462 0.018 0.13 0.184

[ 6 7 ] 3.101 0.002 0.046 0.462 0 0.01 0.184
[ 2 3 8 ] 2.284 0.027 0.094 0.432 0 0.008 0.043

Non-crossvalidation
[ 6 ] 6.63 0.03 0.186 0.458 0.017 0.138

[ 6 7 ] 20.985 0 0.006 0.43 0 0.019
[ 2 3 8 ] 39.324 0 0.005 0.394 0 0.003

P XF : p − value by χ2 (X) as statistic and fixed(F) permutation;
P XN : p − value by χ2 (X) as statistic and non-fixed(N) permutation;
P PF : p − value by PE(P) as statistic and fixed(F) permutation;
P PN : p − value by PE (P) as statistic and non-fixed(N) permutation;
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Table 2.4: Analysis of Data III

Model χ2 P XF P XN PE P PF P PN P PO

10-fold crossvalidation
[6] 2.507 0.006 0.088 0.444 0.002 0.006 0.255

[6 7] 3.647 0.002 0.016 0.422 0 0 0.117
[5 6 7] – – – 0.398 0 0 0.042
[6 7 8] 4.782 0 0.004 – – – –

Non crossvalidation
[ 6 ] 13.87 0.001 0.006 0.438 0.001 0.004

[ 6 7 ] 35.276 0 0 0.408 0 0.002
[5 6 7] – – – 0.384 0 0

[ 6 7 8 ] 49.657 0 0 – – –

P XF : p − value by χ2 (X) as statistic and fixed(F) permutation;
P XN : p − value by χ2 (X) as statistic and non-fixed(N) permutation;
P PF : p − value by PE(P) as statistic and fixed(F) permutation;
P PN : p − value by PE (P) as statistic and non-fixed(N) permutation;
P PO: p − value by PE (P) as statistic and omnibus(O) permutation;
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Table 2.5: D2-D3 effect of Data

Model Effect PNXN PNPN PTXN PTPN PTPO

[2 6] D2-D3 0 0.002 0.02 0 0.122
[2 6 7] D2-D3 0 0 0.028 0.002 0.09

PNXN : p − value by non-crossvalition (N) with χ2 (X) as statistic and non-
fixed(N) permutation;
PNPN : p − value by non-crossvalition (N) with PE (P) as statistic and non-
fixed(N) permutation;
PTXN : p − value by 10-crossvalition (T) with χ2 (X) as statistic and non-
fixed(N) permutation;
PTPN : p − value by 10-crossvalition (T) with PE (P) as statistic and non-
fixed(N) permutation;
PTPO: p−value by 10-crossvalition (T) with PE(P) as statistic and omnibus(O)
permutation;
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3.1 Abstract

Complex human diseases do not have a clear inheritance pattern and it is expected

that risk involves multiple genes with modest effects acting independently or interact-

ing. Major challenges for identification of genetic effects are genetic heterogeneity and

difficulty in analyzing high-order interactions. To address these challenges, we present

MDR-Phenomics, a novel approach based on the multifactor dimensionality reduc-

tion (MDR) method (Ritchie et al., 2001), to detect genetic effects in pedigree data

by integration of phenotypic covariates (PC) that may reflect genetic heterogeneity.

The p-value of the test is calculated using a permutation test adjusted for multiple

tests. To validate MDR-Phenomics, we compared it to two MDR-based methods: 1)

traditional MDR-PDT without consideration of PC (MDR-PDT) (Martin ER, 2006)

and 2) stratified analysis based on PC using MDR-PDT with a Bonferroni adjustment

(SP-MDR). Using computer simulations we examined the statistical power and type I

error of the different approaches under several genetic models and sampling scenarios.

We conclude that MDR-Phenomics is more powerful than MDR-PDT and SP-MDR

when there is genetic heterogeneity, and the statistical power is affected by sample

size and the number of PC levels. Finally, applying MDR-Phenomics to autism, a

complex disease in which multiple genes are believed to confer risk, we attempted

to identify multiple gene effects in two candidate genes of interest-serotonin trans-

porter gene [SLC6A4] and integrin beta 3 [ITGB3] on chromosome 17. Analyzing

four markers in SLC6A4 and four markers in ITGB3 in 117 Caucasian autism family

triads and using sex of the proband as a PC, we found significant interaction between

two markers, rs1042173 in SLC6A4 and rs3809865 in ITGB3.
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3.2 Introduction

Mendelian genetics explains the relationship between phenotype and genotype in

many single-gene disorders, and these genes can be efficiently detected by linkage

and association analyses (Singleton, 2003). However, the majority of human diseases

including diabetes, ischemic heart disease, and autism are complex with ambiguous

inheritance patterns, generally accounted for by many loci of multiple genes, at each

of which common alleles typically have only small or modest individual effect (Baron,

2001). Complex diseases are well known for genetic heterogeneity (Davies et al.,

1994), in which a single disease phenotype is caused by several different variants

within a gene or in multiple genes. In addition, gene-gene and gene-environment in-

teractions are believed to play a role in common complex disease. These complicating

factors have made the identification of disease genes in complex diseases challenging.

Successful analysis methods must attack the problem of genetic heterogeneity and

evaluate interactions involving multiple genes simultaneously.

Many statistical methods can be used to test for interactions. Standard para-

metric methods are limited when testing interactions between many factors (e.g.,

genetic markers) due to the large number of parameters to be estimated; therefore

non-parametric methods, which do not require specific statistical and genetic models

(i.e., no estimates of parameters or assumption of inheritance pattern), are better

suited than parametric methods to search for gene effects in high dimensional data

sets of complex diseases (Cho et al., 2004). However, nonparametric methods as para-

metric methods still face the challenge how to separate signal of gene effect in higher

dimensionality with increased noise. A common technique applied to detect signal in

high dimensionality is dimensional reduction. Multifactor dimensionality reduction

(MDR), a non-parametric approach based on this technique, is developed to search for

gene-gene and gene-environment interactions by identification of a multilocus model

for association using dichotomous disease status (Hahn and Moore, 2004; Hahn et al.,

2003; Ritchie et al., 2003, 2001). MDR reduces dimensionality of multilocus genotype
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information to a one-dimensional factor with two levels, ”high-risk” and ”low-risk”

genotypes. The model for the effect of ”high-risk” and ”low-risk” genotypes is trained

and validated by cross-validation, and the p-value is obtained using a permutation

test. MDR has successfully identified gene-gene interactions in sporadic breast can-

cer (Ritchie et al., 2001), essential hypertension (Moore and Williams, 2002), atrial

fibrillation (Tsai et al., 2004) and type 2 diabetes (Cho et al., 2004). Further, MDR

has been extended to include alternative statistics and permutation tests (EMDR)

(Mei et al., 2005) and analysis of family data, MDR-PDT (Martin ER, 2006).

Genetic heterogeneity is often expressed as clinical heterogeneity. Though the

effects may be subtle, variation in particular clinical phenotypic covariates (PC) may

reflect differences in the underlying genetic causes of disease. One common approach

to attacking genetic heterogeneity is to stratify a sample based on PC and conduct

genetic analyses within strata. This approach poses two challenges. First, definitions

of strata may be ad hoc and based on clinical intuition. The other is that such a

stratified analysis requires adjustment for multiple tests, e.g. Bonferroni correction;

however, if there are many PC levels (resulting in many strata), this correction can

lead to a loss in power.

In this paper, we describe MDR-Phenomics, a novel method for the identification

of genetic effects within triad families (an affected offspring and parents) by inte-

gration of PC into MDR. MDR-Phenomics integrates dimensionality reduction with

the extended features of MDR-PDT and EMDR. We conducted simulation studies to

compare the power of MDR-Phenomics to that of MDR-PDT and Stratified Pheno-

type MDR-PDT (SP-MDR). SP-MDR identifies genetic effects within each PC level

by MDR-PDT and adjusts for multiple tests using a Bonferroni correction.

To further test MDR-Phenomics, we analyzed candidate genes in autism, a com-

plex disease characterized by social impairments, language difficulties, and unusual

or repetitive behaviors (Pickett J, 2005; Santangelo SL, 2005). Clinical symptoms

of autism vary dramatically within these domains. Though many candidate genes

have been identified by different methods (molecular genetic experiments, linkage
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and association studies), there have been inconsistencies and problems with replica-

tion. A major difficulty in identifying disease genes in autism is genetic heterogeneity

which may be reflected in variable clinical symptoms. We applied MDR-Phenomics

to identify multiple gene effects in autism candidate genes - serotonin transporter

gene [SLC6A4] and integrin beta 3 [ITGB3] on chromosome 17.

65



3.3 MATERIALS AND METHODS

3.3.1 MDR-Phenomics

Beginning with the assumption that there are N loci genotyped in a triad-family

data set, MDR-Phenomics identifies genetic effects by testing whether a significant

K-locus model exists. A K-locus model (where K is an integer K = 1, 2, 3) refers

to a combination of genotypes at a subset of K loci of the N total loci. The null

hypothesis of MDR-Phenomics is that combinations of genotypes in a K-locus model

are randomly transmitted to affected individuals. A significant K-locus model is

identified by extensively searching all K-locus models and applying a permutation

method to estimate the p-value. For a triad family with an affected child, we can

generate a matched pair of transmitted (T ) and non-transmitted (U) observations

which represent the genotypes transmitted and not transmitted to the affected child.

For example, assuming parental genotypes AaBb and Aabb, if the genotype of the

affected child is aaBb, then the matched pair of observations is T = aaBb and U =

AAbb. If a combination of genotypes of the K loci either directly affect disease risk

or are in linkage disequilibrium with true disease loci, then the transmission will be

associated with a K-locus model. MDR-Phenomics includes two procedures, MDR

and phenomic analysis, to assess association of a K-locus model with transmission

and the ”effect” of PC on the association, i.e. different (or heterogeneous) strength

of association across PC levels.

Multilocus analysis considers a subset of K dialleleic loci (K < N). There will be

3K genotypes for K loci, and even if K is small there may still be few observations for

each genotype category (i.e. sparse data). To address this problem, traditional MDR

pools multilocus genotypes into high-risk and low-risk groups, reducing the genotype

predictors from N dimensions to one dimension (Ritchie et al., 2001). In traditional

MDR, a genotype is labeled as ”high-risk” if the case:control ratio meets or exceeds

some threshold, or as ”low-risk” otherwise. In the MDR procedure implemented in

MDR-Phenomics, we define the case:control ratio as the ratio of the number of times
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that a genotype is transmitted to an affected child to the number of times that a

genotype is not transmitted to an affected child. Applying Bayes classifier (Hastie,

2001) gives a threshold of 1.0 for a data set entirely of triad families, thus a genotype

is classified as ”high-risk” if its classification ratio exceeds 1.0 or ”low-risk” otherwise.

By Bayes classifier, the K-dimensional variable X representing genotypes from

K loci can be transformed to 1-dimensional variable G, where G = h codes for

”high-risk” genotype and G = l for ”low-risk” genotype. We define variable Y as an

indicator for transmission status of a ”high-risk” or ”low-risk” genotype, where Y = 1

codes for transmission and Y = 0 for non-transmission, then the sum of Y is assumed

to follows a binomial distribution for both ”high-risk” and ”low-risk” genotypes. To

measure the strength of association between Y and G, C statistic is calculated by

goodness-of-fit test, which tests whether the conditional distribution of Y given G = h

(i.e. P [Y |G = h]) is equivalent to the marginal distribution of Y (i.e. P [Y ]). For

a triad family, a transmitted and non-transmitted status can always be generated

(P [Y = 1] = P [Y = 0] = 0.5). If G is associated with Y , P [Y = 1|G = h] > 0.5

and P [Y = 1|G = l] < 0.5 are expected. Since stronger association between allelic

transmission and disease generally result in a larger C statistic, the C statistic can

be used to measure allelic association. However, C statistic may not follow chi-square

distribution under the null hypothesis of no allelic association.

In the phenomics procedure, an ANOVA model is applied to test whether the

strength of association between Y and G is the same within PC levels, in other words,

the ”effect” of PC on association between Y and G. Assuming L is the number of

PC levels and ni is the number of families in the i-th PC level (i = 1, 2 . . . L), the

ANOVA model is as follows:

Dij = µ + Pi + Eij; i = 1, 2 . . . ni, j = 1, 2, · · ·ni, Eij
iid∼ n(0, σ2)

The response variable Dij (as a function of Y |G = h in i-th PC level and j-th family)

is calculated as the number of times a ”high-risk” genotype is transmitted minus
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the number of times a ”high-risk” genotype is not transmitted. Dij is a measure of

association, since stronger association between Y and G leads to a larger expected

value of Dij . The parameters µ and Pi are unknown, with µ being the expected

value of Dij when no PC ”effect” exists and Pi being the ”effect” of i-th PC level

on Dij. The standard F statistic for the ANOVA model tests the null hypothesis

that PH0 = [P1, P2, · · · , PL] = [0, 0, · · · , 0] (i.e. E(Dij) = µ, the mean is µ for all P

levels). It measures the effect of PC on association between Y and G (i.e. Dij). The

F statistic is calculated as the ratio of estimated mean squared error between the PC

levels to that within PC levels:

F =
Estimated MSE Between PC levels

Estimated MSE Within PC levels
=

L∑
i=1

ni·(D̄i+−D̄++)2/(L−1)

L∑
i=1

ni∑
j=1

(Dij−D̄++)2/(N−L)

;

D̄i+ =
ni∑

j=1

Dij/ni; D̄++ =
L∑

i=1

ni∑
j=1

Dij/N ; N =
L∑

i=1

ni

A larger F value indicates a bigger difference of mean Dij across PC levels. The

traditional ANOVA test assumes that the random errors, Eij, are identically and

independently distributed (iid) normal random variables, under which the F statistic

follows the F distribution. In MDR-Phenomics, this assumption is not necessary since

a permutation test is used to estimate the empirical distribution of the F statistic.

Finally, we calculate the MDR-Phenomics statistic as the product of the goodness

of fit statistic C and statistic F , M = C ∗F . The M statistic integrates two types of

information: 1) The association between transmission status (Y ) and genotype (G)

as measured by the C statistic and 2) the effect of the PC on association as measured

by the F statistic.

To test whether there is a significant genetic effect from a K-locus model, MDR-

Phenomics uses a permutation procedure. This procedure calculates the observed M

statistic for each K-locus model in the observed triad family data. By comparing

the observed M statistic of every K-locus model to an empirical distribution of the
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M statistic based on permuting the data to simulate the null hypothesis, MDR-

Phenomics can identify those K-locus models with significant p-values. The empirical

distribution is generated using the non-fixed permutation test implemented in EMDR

(Mei et al., 2005) and MDR-PDT (Martin et al., 2006). The non-fixed permutation

test randomly shuffles the transmission status in every triad family, with genotypes

and PC fixed, to generate a large number of permuted data sets (e.g. 1000). To adjust

for multiple tests, the non-fixed permutation test selects the largest M statistic among

all K-locus models in every permuted data set as the permuted statistic to simulate

the empirical distribution of M . The p-value of a K-locus model is the percentage of

permuted statistics equal to or larger than the observed M statistic. A small p-value

(e.g. p < 0.05) indicates significant genetic association between the K-locus model

and transmission status within at least one PC level.

Figure 3.1 summarizes the MDR-Phenomics algorithm applied in searching for

genetic effects from all 1-locus models. The data set contains N loci and therefore, N

possible 1-locus models. The algorithm begins at step 1 with the selection of a 1-locus

model. This is followed by step 2, dimension reduction to classify ”high-risk” and

”low-risk” genotypes for the selected 1-locus model. As seen in figure 3.1, genotypes

11 and 12 are classified as ”high-risk”, as their classification ratios (130/110 and

119/98) are > 1.0. Genotype 22 is classified as ”low-risk” based on the estimated ratio

(25/30) < 1.0. In step 3, a contingency table is created and a C statistic is calculated

(1.616). This statistic indicates the strength of association between genotypes at the

locus and their transmissions. In step 4, a PC with three levels is integrated into

the analysis using an ANOVA model with a resulting F statistic (1.698). This step

estimates the effect of PC on association in step 3. Step 5 involves calculation of

the M statistic by multiplying the C and F statistics. Repeating steps 1 to 5, M

statistics were calculated for all 1-locus models. The non-fixed permutation test in

step 6 generates the empirical distribution of M for a 1-locus model while adjusting

for N multiple tests thus providing an adjusted p-value for each of the 1-locus models.
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3.3.2 Analysis of Power and Type I error

Type I error and power were estimated using the SIMLA software program (Schmidt

et al., 2005) to generate simulated data sets. Type I error and power were estimated

as the percentage of simulated data sets with a p-value < 0.05 under the null (H0)

and alternative (H1) hypotheses respectively. We used SIMLA to generate data sets

assuming one of three disease models, dominant (Table 3.1a), recessive (Table 3.1b)

or multiplicative (Table 3.1c). Each data set contained four loci and consisted of

two groups of triads, group N1 and N2. Genetic heterogeneity in the data sets was

simulated by mixing triads from group N1 and group N2. The frequencies of alleles

(wild-type + and disease d) at locus D in group N1 and group N2 are listed in table

3.1d. In the triads from group N1, Locus 1 was simulated with a genetic effect, and

locus 2-4 without any effect (Table 3.1e and Table 3.1f). In the triads from group

N2, all four loci were simulated without a genetic effect (Table 3.1f). Group N1 and

group N2 were differentiated with different PC values and every PC level had exactly

equal number of nuclear families.

Sixteen data sets (Table 3.2), each containing 1000 replicates, were generated with

different disease models, sample sizes and numbers of PC levels. We analyzed every

data set with MDR-PDT, SP-MDR and MDR-Phenomics. MDR-PDT is the exten-

sion of MDR to analyze pedigree genotype data using the PDT statistic (Martin et al.,

2003) and does not consider PC. The SP-MDR method applied MDR-PDT to analyze

the data set stratified by PC and applies a Bonferonni adjustment to correct for the

number of PC levels. The power and type 1 error are Pr(p − value ≤ α |alternative

hypothesis) and Pr(p − value ≤ α |null hypothesis), respectively. Suppose a PC has

L levels. To keep the experiment-wise type 1 error under 0.05, we select α = 0.05

for MDR-PDT and MDR-Phenomics, and α = 0.05/L for SP-MDR within each PC

level corresponding to Bonferonni adjustment. Since locus 1 was simulated with a

genetic effect, the percentage of data sets with p− value ≤ α for this locus estimates

power. Similarly, locus 2, 3 and 4 were simulated as unassociated with disease, and

the percentage of data sets with p − value ≤ α estimates type 1 error.
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3.3.3 Analysis of multi-locus effect

To test high-order interaction, data set 1 with 100 replicates is selected with simulated

two-locus interactions in additional four loci (locus 5 – locus 8). The interaction

models, model 1 (Li W, 2000) and model 2 (Frankel WN, 1996) described by Ritchie

(Ritchie et al., 2003), are modified to give weak 2-locus interaction. Suppose allele

A and a are denoted for first locus and allele B and b denoted for second locus in

the interaction. In modified model 1, penetrance of genotypes, AABb, AaBB, Aabb

and aaBb is 0.10, while penetrance of other genotypes is 0.05. In modified model 2,

penetrances of genotypes, AAbb, AaBb and aaBB are 0.10, 0.05 and 0.1 respectively,

while penetrance of other genotypes is 0.03. To generate heterogeneity, interactions of

[5 6] and [7 8] are simulated with modified model 1 and modified model 2 respectively

in group N1 while both interactions are absent in group N2. Power and type I error

based on 100 replicates of data set 1 are calculated in the same way above.

3.3.4 Analysis of Autism

A number of candidate genes have been implicated in autism. Two interesting can-

didates, both on chromosome 17 and related to serotonin function, are the serotonin

transporter gene (SLC6A4) and integrin beta 3 (ITGB3). The serotonin transporter

encoded by the SLC6A4 gene mediates the accumulation of the neurotransmitter sero-

tonin in neurons, platelets and other cells which in turn regulates emotions and re-

sponsiveness (Ramoz et al., 2006; Tordjman et al., 2001). Polymorphisms in SLC6A4

have been reported to be associated with autism, although these findings have not

been consistently replicated (Devlin et al., 2005). Integrin beta 3 (ITGB3) encodes

glycoprotein IIIa (GPIIIa), the beta subunit of the platelet membrane adhesive pro-

tein receptor complex GPIIb/IIIa (MIM 173470). ITGB3 and SLC6A4 genes were

both identified as quantitative trait loci for serotonin levels in males (Weiss et al.,

2006). To identify potential genetic effects of these genes on autism, we analyzed 117
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Caucasian family triads ascertained by the Duke Center for Human Genetics previ-

ously genotyped for four markers in SLC6A4 and four markers in ITGB3 (Table 3.3).

We used MDR-Phenomics with the sex of the proband as a PC, as well as MDR-PDT

and SP-MDR. Tests of Hardy Weinberg equilibrium (HWE) and linkage disequilib-

rium (LD) were conducted using the GDA (Weir., 1996) and GOLD (Abecasis and

Cookson, 2000) software.

In the analysis of autism data, we followed a conditional searching strategy, in

which a higher dimensional locus model is tested only when no significant lower di-

mensional locus model exists. With this strategy, a significant high-dimension model

suggests the existence of interaction not from the main effects of low-dimension model.

For MDR-Phenomics and MDR-PDT, we set the threshold of α = 0.05 as the sig-

nificance level. Applying a Bonferroni adjustment, the threshold is α = 0.025 for

SP-MDR since sex as the PC has two levels.

3.4 Results

3.4.1 Power and Type I Error of 1-locus model

The results of type I error and power studies are listed in Table 3.4a, 3.4b and 3.4c.

Power is defined as the percentage of locus 1 detected to be significant (p−value ≤ α)

among 1000 replicates, while element-wise type I errors, Ele-α2, Ele-α3 and Ele-α4, are

the percentage of locus 2, 3 and 4 determined to be significant among 1000 replicates

respectively. Furthermore, type I error of locus 1, Ele-α1∗, is calculated in group N2

too. The experiment-wise type I error, Exp-α, is the percentage of any of locus 2,

3 or 4 detected to be significant among 1000 replicates. We first analyzed data sets

1 to 10 (Table 3.4a), which were simulated under a dominant disease model. The

results were further validated in the remaining six data sets simulated under different

disease models (Table 3.4b and 3.4c). We see the element-wise type I errors (Ele-α1∗,
Ele-α2, Ele-α3 and Ele-α4) for all 16data sets are much smaller than 0.05 due to the
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adjustment of multiple tests by non-fixed permutation. The experiment-wise type I

error are on average smaller than 0.05. The reason is that non-fixed permutation test

adjust for tests of four loci (locus 1-locus 4), but only locus 2-locus 4 are simulated

without association and used for calculation of experiment-wise type I error. Since

loci are simulated as independent, we expected an element-wise type I error around

0.0125 and experiment-wise type I error around 0.0375; the results are consistent with

these expectations.

The power analysis indicates that MDR-Phenomics has greater power than both

SP-MDR and MDR-PDT in the majority of the 16 data sets. The only exceptions

were data set 8 and 10, in which each of the three methods has power close to 1.0.

Data sets 1-3 and 4-6 have unchanged sample size in group N1 but varying sample

size in group N2. We see that power decreases for all three methods with increasing

size of group N2 (SP-MDR, MDR-PDT and MDR-Phenomics). Power decreases more

precipitously for the MDR-PDT analysis that does not use PC information to help

distinguish groups N1 and N2. Data sets 1, 7 and 8 and data sets 4, 9 and 10 have

increasing sample size in group N1 while sample size is unchanged in group N2. These

results show that power increases as the size of group N1 increases for each of the

three methods, with the power of MDR-PDT and SP-MDR getting closer to the power

of MDR-Phenomics as group N1 begins to dominate the sample. We verified these

conclusions in the data sets 11, 12 and 13 simulated with recessive disease model,

where data set 12 v.s. data set 11 has doubled sample size in group N1 and equal

sample size in group N2 while data set 13 v.s. data set 12 has doubled sample size in

group N2 and equal sample size in group N1.

For MDR-Phenomics and SP-MDR, the number of PC levels affects power too.

Since MDR-PDT does not consider phenotypic information, its power is not affected

by changes in levels of PC. In five pairs of data sets (data set 1 v.s 4, 2 v.s.5, 3 v.s. 6,

7 v.s. 9 and 8 v.s. 10), both MDR-Phenomics and SP-MDR had less power when the

number of PC levels was larger; the power of MDR-PDT was generally unaffected by

PC. The effects of PC levels on power of MDR-Phenomics were validated again in
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data sets 14, 15 and 16 simulated in multiplicative disease model.

When the number of PC levels is large (e.g. 8), MDR-Phenomics has much better

power than SP-MDR, which uses Bonferronni adjustment of multiple tests. In the

examples here, MDR-Phenomics shows power increases over SP-MDR of 80% to 400%

for those data sets that have 8 PC levels and fewer 1000 or fewer triad families in

N1 (data set 1, 2, 3, 4, 7 and 16). When sample size in group N2 is much larger

than that in group N1, MDR-Phenomics shows a substantial increase in power over

MDR-PDT. For the data set 3 and 6 that have 500 triad families in group N1 and

2000 triad families in group N2, MDR-Phenomics increase the power of MDR-PDT

by 139% and 214% respectively.

3.4.2 Analysis of multi-locus effect

Based on simulation strategies, there are seven kinds of locus effect, [1], [5 6], [7

8] and their combinations. Power of successful detection of them is listed in Table

3.5. The results of high-order interaction show that MDR-Phenomics is better than

MDR-PDT and SP-MDR with/without Bonferroni adjusting for all locus models.

Interactions of [1], [5 6] and [7 8] are simulated independently, however, the power

of detecting combined effect from them seems to be almost balanced from powers of

detecting individual effects. For example, powers from [1 5 6], [1 7 8] and [1 5 6 7 8]

are all bigger than power from [1] but smaller than power from [5 6], [7 8] and [5 6

7 8] respectively. The only exception is [5 6 7 8], where the power of detecting it is

smaller than power of detecting both [5 6] and [7 8].

Noise in the multi-locus model can affect the power of MDR-Phenomics. The

noise and signal loci describe those loci related and unrelated to disease respectively.

Based on simulation, locus 1 is signal locus, but locus 5 and 6 are signal loci only if

they come together and the same definition for locus 7 and 8. When all loci in a model

are noise, the type I error is calculated as above, otherwise, power are calculated. For

total 8 loci under analysis, there are 255 locus models. To summarize them, average

type I error or power of given K-locus models with J signal noise are calculated and
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listed in Table 3.5b,where the first column is average type I error and other columns

are average power. Due to permutation test controlling for multiple tests, all average

type I error is much below 0.05. The results of average power show that MDR-

Phenomics is better than MDR-PDT and SP-MDR. The average power depends on

signal ratio (J/K) too. Generally, the average power increases as J increase when K

is fixed, and decreases as K increases when J is fixed. However, it seems that model

with four signal loci (J = 4) is much sensitive to noise loci. The four signal loci only

come from locus 5, 6, 7 and 8 and power dramatically decrease as K increase. The

power of detecting 7 locus model (K = 7) with 4 signal loci (J = 4) decrease to be

0.06, 0.04 and 0.01 for MDR-Phenomics, MDR-PDT and SP-MDR respectively.

3.4.3 Analysis of Autism Data

Analysis of allelic frequencies showed that all markers match HWE expectations ex-

cept locus 5 (Data not shown). The correlation coefficients (r2) from GOLD output

(Table 3.6) indicate that locus 5 and locus 6 had moderate correlation (r2 = 0.441

in affected individuals and r2 = 0.51 in unaffected individuals) in both affected and

unaffected individuals.

Starting with the test of 1-locus models, MDR-Phenomics, MDR-PDT and SP-

MDR all identified locus 6 as the best 1-locus model (Table 3.7a). Neither this model

nor any of the other 1-locus models were significant. In the 2-locus analysis, MDR-

Phenomics found that the model containing locus pair [1 8] is the best one with

a significant p-value=0.033. SP-MDR detected the model as marginally significant

(p − value = 0.025) with threshold of α = 0.025 using a Bonferroni adjustment,

while MDR-PDT failed to detect a significant 2-locus model. The significant result

from MDR-Phenomics and marginal result from SP-MDR suggest a joint genetic

effect involving SLC6A4 (rs1042173) and ITGB3 (rs3809865) when sex is taken into

account. Analysis of higher-order interaction by all methods does not give significant

results (results not listed).
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3.5 Discussion

We have presented a novel approach to test for genetic effects in triad families while

incorporating information from phenotypic covariates. This approach integrates di-

mension reduction from MDR (i.e. handling high dimensional data) and new features

from MDR-PDT for processing pedigree data as well as the non-fixed permutation

test for multiple tests from EMDR. The M statistic developed in MDR-Phenomics

measures genetic effects from a multilocus model with the goal of using phenotypic

covariates to control for genetic heterogeneity. Though we have focused on phenotypic

covariates, the PC could be any categorical covariate that might capture heterogene-

ity, such as ascertainment site or environmental exposure. Even though detection of

a genetic effect is weakened due to the mixture of data with genetic heterogeneity,

MDR-Phenomics appears capable of detecting a genetic effect if genetic heterogeneity

is expressed as distinct PC values as shown in the analysis of autism data.

In the analysis of SLC6A4 and ITGB3 in the autism data, we used sex as PC

because autism has a striking sex bias (OMIM 209850) which may reflect genetic

heterogeneity. MDR-Phenomics detected a significant 2-locus model including one

marker from each gene. Both loci match HWE expectations and no LD exists between

the two loci (Table 3.6). In addition, neither loci shows a significant main effect as

demonstrated by non-significant 1-locus tests Therefore, the result indicates a possible

interaction between locus 1 of SLC6A4 and locus 8 of ITGB3. In addition, we see

that the interaction appears stronger in one sex, but disappears or is weaker in the

other sex, i.e., genetic heterogeneity. This was shown by stratified analysis, where

p − value of model [1 8] in female probands is 0.025 while the p − value in male

probands is 1.0 by MDR-PDT. Heterogeneity of locus effects in the different sexes

could explain such patterns, and cause the result to weaken when sex is ignored, as

in the MDR-PDT analysis which fails to find the genetic effect. SP-MDR analysis

gives marginal significant results. However, as the number of PC levels increase, we

would expect the Bonferroni adjustment to be increasingly conservative.
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The p− value for the MDR-Phenomics test is estimated using a permutation test

to obtain the empirical distribution of the M statistic. The permutation method

randomly shuffles only transmission status with genotypes and PC unchanged among

all families. To adjust for multiple tests, the non-fixed permutation method selects the

largest M statistic among all K-locus models in the permuted data as the permuted

statistic. The number of K-locus models increases as the number of loci (N) in the

data set increases, which cause an increase in the average permuted statistic and a

decrease in power as more unassociated loci are added. This represents a potential

limitation in the application of MDR-Phenomics to genome-wide and candidate-gene

analysis with an excessive number of loci to be tested. To restrict the number of

loci, we have considered two basic strategies. First, LD analysis can help us pick

independent loci or tag SNPs to reduce the number of loci. The tag SNPs in haplotype

blocks can be identified by searching genomic or chromosomal region in data with

heuristic methods such as the dynamic programming algorithm (Zhang et al., 2005)

or by association analysis using HapMap project (Consortium, 2003, 2005; Olivier,

2003). Second, we can use the design-based two-stage approach (Satagopan and

Elston, 2003; Satagopan et al., 2002), where all markers at stage 1 are genotyped and

the promising markers selected for analysis in stage 2 by MDR-Phenomics. Instead

of reducing the number of loci, efforts have been put to prevent overly conservative

results due to traditional adjustments for multiple testing. (e.g., False Discovery Rate

(FDR) (Benjamini and Hochberg, 1995; Benjamini and Yekutieli, 2001; Liao et al.,

2004). Applied widely in microarray analysis (Pounds and Morris, 2003)(Liao et al.,

2004), the FDR may have applicability to MDR-Phenomics. To apply FDR, the

p − value without adjusting for multiple tests from the fixed permutation method

(Mei et al., 2005) provided by MDR-Phenomics is used. However, power and type 1

error based on the adjusted p − value with FDR are still under investigation.

Considering phenotypic covariate, a common strategy is to stratify analysis at

every phenotypic level. However, multiple tests at every level should be controlled,
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otherwise, experiment-wise type I error (the probability of getting a randomly sig-

nificant test at any level) will be high. Disadvantage accompanied by controlling for

multiple testing is the decreased power of test. Up to now, there is no optimum

method controlling for multiple testing. Bonferroni adjusting as a popular method

applied by SP-MDR is obviously conservative, which can be observed in our simula-

tion studies. On the other side, even multiple testing is not adjusted, the power of

stratified analysis could be decreased due to small sample size at a stratum. Such an

example was observed in test of multi-locus effect that exists in four stratums, where

SP-MDR without adjusting for multiple testing at every stratum has smaller power

than MDR-Phenomics (Table 3.5). In contrast to stratified analysis, MDR-Phenomics

uses whole data for testing gene effects and integrated PC analysis does not require

multiple testing. These advantages determine MDR-Phenomics more powerful than

SP-MDR with or without Bonferroni adjusting in our simulation studies. MDR-

Phenomics uses a C statistic to measure association. Under genetic heterogeneity,

the C statistic may under-estimate the signal of association. To magnify signal for

test, MDR-Phenomics derives M statistic by multiplying C statistic with a multi-

plicative factor. F statistic is used as a multiplicative factor based on three reasons.

Firstly, F statistic measuring different mean of D among phenotypic levels can in-

dicate the level of heterogeneity. A larger F statistic indicates larger heterogeneity.

Secondly, F statistic is expected to be around one if assumption of F distribution

is matched. Therefore, M statistic will approximate C under homogeneity. Lastly,

F as a multiplicative factor may be not accurate in mathematical definition. How-

ever, permutation test will correct for that. By magnifying statistic for measuring

association under heterogeneity, it is expected that MDR-Phenomics will be more

powerful than MDR-PDT that ignores heterogeneity. This conclusion is observed in

our simulation studies (Table 3.4 and Table 3.5). However, when weak association

signal in a sample under heterogeneity approximates zero, it may cause M close to

zero and missed detection of effect.
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A difficulty with MDR-Phenomics, like all high-order analysis methods, is inter-

pretation of results; determining biological or clinical relevance based on the analysis

can be challenging. In MDR-Phenomics, it is difficult to know the biological mean-

ingfulness of what we measure or define as a PC in complex disease (e.g., repetitive

behaviors in autism). Additionally a K-locus model with a large K may be dif-

ficult to dissect. To aid interpretation, a standard statistical model (e.g. logistic

regression) can be used to describe the effect of individual loci and their interactions.

While this provides a statistical interpretation, statistical significance of a multilocus

model does not necessarily translate to biological significance. Biological significance

often requires biochemical experiments of molecular pathways. However, molecular

investigations of multiple loci acting simultaneously may be difficult to implement.

Like MDR, MDR-Phenomics has the primary advantages that it requires no as-

sumptions of genetic models and accommodates high dimensionality by data reduc-

tion. Furthermore, MDR-Phenomics improves power by integration of PC analysis.

Although standard case-trial approach using logistic lineal model (Umbach DM, 2000)

can detect interaction with included phenotypic covariate, however, model assump-

tions and exponential increased number of parameters in linear increased dimension-

ality restrict its broad application in high dimension. MDR-Phenomics may not get

more powerful testing than standard approaches under any cases. However, MDR-

Phenomics is more applicable to detect gene effects in high dimensionality. Currently,

only discrete PC’s can be analyzed. For continuous PC’s, data mining methods can

be used to cluster and transform a continuous PC to a discrete variable. Alternately,

we can consider other models (e.g. general linear model) to evaluate the effect of a

continuous PC on association of K-locus model with transmission. MDR-Phenomics

analysis may in fact give guidance regarding relevant phenotypic classifications based

on the underlying genetic associations. In summary, MDR-Phenomics represents a

novel method incorporating phenotype information and genetic information which

complements traditional linkage and association analysis to detect genetic effects in

heterogeneous complex disease.
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Table 3.1: Disease Model and allele frequency

a. Dominant Model b. Recessive Model c. Multiplicative Model
Genotype Penetrance Genotype Penetrance Genotype Penetrance

++ 0.0005 ++ 0.0005 ++ 0.004
+d 0.001 +d 0.0005 +d 0.01
dd 0.001 dd 0.002 dd 0.025

d. Allele frequency at disease locus f. Allele frequency at markers
Locus f(d|N1) f(d|N2) Locus f(A|N1) f(A|N2)

D 0.15 0.15 1 - 0.15
2 0.45 0.45

e. Allele frequency at associated marker 3 0.7 0.7
Locus f(A|d,N1) f(A|+, N1) 4 0.8 0.8

1 0.15 0.85
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Table 3.2: Disease model, sample size and phenotypic covariate of simulated data
Data set Dis. Model #Replicates #N1 Fam #N2 Fam N1 PC N2 PC

1 1 1000 500 500 1,2,3,4 5,6,7,8
2 1 1000 500 1000 1,2,3,4 5,6,7,8
3 1 1000 500 2000 1,2,3,4 5,6,7,8
4 1 1000 500 500 1,2 3,4
5 1 1000 500 1000 1,2 3,4
6 1 1000 500 2000 1,2 3,4
7 1 1000 1000 500 1,2,3,4 5,6,7,8
8 1 1000 2000 500 1,2,3,4 5,6,7,8
9 1 1000 1000 500 1,2 3,4
10 1 1000 2000 500 1,2 3,4
11 2 1000 500 500 1 2
12 2 1000 1000 500 1 2
13 2 1000 1000 1000 1 2
14 3 1000 500 500 1 2
15 3 1000 500 500 1,2 3,4
16 3 1000 500 500 1,2,3,4 5,6,7,8

Dis. Model: 1=dominant, 2=recessive and 3=multiplicative. #N1 Fam: the number of families
in group N1 of every replicate. #N2 Fam: the number of families in group N2 of every replicate.
N1 PC: The possible PC values of proband in triads N1. N2 PC: the possible PC values of proband
in triads N2.

86



Table 3.3: Genes and markers in Autism data
Gene Marker Locus Chr

SLC6A4 rs1042173 1 17
rs140700 2 17

17P6713SLC6A4 3 17
5HTTLPR 4 17

ITGB3 hcv1709582 5 17
rs5918 6 17
rs5919 7 17

rs3809865 8 17
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Table 3.4: Type I error and Power
Data set Method Power Ele-α1∗ Ele-α2 Ele-α3 Ele-α4 Exp-α

1 SP-MDR 0.13 0.001 0.006 0.016 0.02 0.041
MDR-PDT 0.41 0.013 0.006 0.024 0.009 0.039

MDR-Phenomics 0.508 0.012 0.009 0.025 0.014 0.048
2 SP-MDR 0.118 0.009 0.01 0.018 0.025 0.052

MDR-PDT 0.26 0.011 0.012 0.02 0.01 0.041
MDR-Phenomics 0.451 0.005 0.009 0.02 0.007 0.036

3 SP-MDR 0.12 0.013 0.012 0.015 0.02 0.046
MDR-PDT 0.151 0.010 0.015 0.013 0.018 0.046

MDR-Phenomics 0.361 0.014 0.01 0.019 0.012 0.041
4 SP-MDR 0.312 0.009 0.008 0.015 0.01 0.033

MDR-PDT 0.408 0.014 0.007 0.025 0.009 0.041
MDR-Phenomics 0.595 0.012 0.01 0.029 0.016 0.052

5 SP-MDR 0.301 0.015 0.003 0.012 0.006 0.021
MDR-PDT 0.257 0.012 0.015 0.02 0.01 0.044

MDR-Phenomics 0.551 0.016 0.009 0.02 0.009 0.038
6 SP-MDR 0.306 0.012 0.006 0.008 0.001 0.015

MDR-PDT 0.147 0.012 0.015 0.014 0.018 0.046
MDR-Phenomics 0.461 0.012 0.007 0.017 0.008 0.032

7 SP-MDR 0.513 0.023 0.01 0.014 0.014 0.038
MDR-PDT 0.891 0.014 0.012 0.017 0.009 0.038

MDR-Phenomics 0.9 0.012 0.009 0.014 0.013 0.036
8 SP-MDR 0.943 0.023 0.011 0.018 0.011 0.04

MDR-PDT 0.999 0.008 0.021 0.022 0.013 0.055
MDR-Phenomics 0.996 0.012 0.013 0.027 0.014 0.053

9 SP-MDR 0.726 0.009 0.008 0.015 0.013 0.036
MDR-PDT 0.889 0.014 0.014 0.019 0.011 0.044

MDR-Phenomics 0.902 0.012 0.009 0.027 0.018 0.053
10 SP-MDR 0.991 0.009 0.004 0.012 0.007 0.023

MDR-PDT 0.999 0.014 0.016 0.025 0.012 0.052
MDR-Phenomics 0.994 0.012 0.016 0.025 0.012 0.052

a. type 1 error and power of data sets with disease model 1, Dominant: Power, Ele-α2, Ele-α3, Ele-
α4 and Exp-α are calculated from data mixed with group N1 and N2, while Ele-α1∗ is calculated
from group N2 only. Power=# of times locus 1 detected to be significant /1000; Ele-α1∗=# of times
locus 1 detected to be significant /1000; Ele-α2=# of times locus 2 detected to be significant /1000;
Ele-α3=# of times locus 3 detected to be significant /1000; Ele-α4=# of times locus 4 detected to
be significant /1000; Exp-α=# of times any of locus 1 or 2 or 3 detected to be significant /1000;
Ele-α2, Ele-α3 and Ele-α4 are element-wise type I error and Exp-α is the experiment-wise type I
error.

88



Table 3.4 continued.
Data set Method Power Ele-α1∗ Ele-α2 Ele-α3 Ele-α4 Exp-α

11 SP-MDR 0.198 0.012 0.021 0.013 0.016 0.049
MDR-PDT 0.178 0.012 0.017 0.012 0.009 0.038

MDR-Phenomics 0.273 – 0.002 0.012 0.009 0.023
12 SP-MDR 0.492 0.012 0.015 0.013 0.012 0.04

MDR-PDT 0.492 0.012 0.016 0.011 0.009 0.036
MDR-Phenomics 0.543 – 0.014 0.014 0.014 0.042

13 SP-MDR 0.447 0.017 0.021 0.014 0.013 0.047
MDR-PDT 0.393 0.017 0.012 0.02 0.014 0.046

MDR-Phenomics 0.521 – 0.019 0.014 0.014 0.046
b. type 1 error and power of data sets with disease model 2, Recessive: Refer to Table 3.4a for
definition of notation

Table 3.4 continued.
Data set Method Power Ele-α1∗ Ele-α2 Ele-α3 Ele-α4 Exp-α

14 SP-MDR 0.973 0.09 0.018 0.015 0.013 0.046
MDR-PDT 0.798 0.09 0.01 0.011 0.016 0.037

MDR-Phenomics 0.975 – 0.013 0.013 0.01 0.036
15 SP-MDR 0.84 0.024 0.018 0.013 0.013 0.043

MDR-PDT 0.793 0.009 0.011 0.009 0.016 0.036
MDR-Phenomics 0.947 0.023 0.012 0.017 0.01 0.039

16 SP-MDR 0.507 0.030 0.007 0.007 0.019 0.033
MDR-PDT 0.794 0.010 0.009 0.01 0.015 0.034

MDR-Phenomics 0.915 0.016 0.004 0.018 0.012 0.034
c. type 1 error and power of data sets with disease model 3, Multiplicative: Refer to Table 3.4a for
definition of notation
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Table 3.5: a. Power of multi-locus effects
Locus Model MDR-Phenomics MDR-PDT SP-MDR SP-MDR*

[1] 0.52 0.31 0.12 0.46
[5 6] 0.79 0.51 0.29 0.57
[7 8] 0.98 0.85 0.58 0.86

[1 5 6] 0.56 0.26 0.13 0.35
[1 7 8] 0.88 0.75 0.33 0.62

[5 6 7 8] 0.64 0.59 0.2 0.49
[1 5 6 7 8] 0.57 0.14 0.13 0.31
Power is calculated as percentage of a locus model with p − value ≤ α among
100 replicates. The α for MDR-Phenomics and MDR-PDT is 0.05. The α for
SP-MDR using Bonferroni adjusting is 0.05/8. SP-MDR* does not adjust for
multiple tests among 8 phenotypic level and the α is 0.05
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b. Power and Type I error of locus model mixed with signal and noise
S0 S1 S2 S3 S4 S5

M1 0.021 0.52
0.017 0.31
0.006 0.12

M2 0.006 0.14 0.885
0.005 0.103 0.68
0.004 0.031 0.435

M3 0.006 0.053 0.544 0.72
0.001 0.031 0.384 0.505
0.002 0.009 0.13 0.23

M4 0.008 0.024 0.174 0.34 0.64
0.001 0.004 0.136 0.163 0.59
0.003 0.002 0.039 0.075 0.2

M5 0.013 0.041 0.107 0.185 0.25 0.57
0 0 0.027 0.013 0.233 0.14
0 0.002 0.008 0.014 0.033 0.13

M6 0.093 0.085 0.159 0.123 0.297
0 0.003 0 0.11 0.053
0 0.01 0.008 0.023 0.05

M7 0.258 0.06 0.36
0 0.04 0.057

0.005 0.01 0.017
M8 0.15

0.02
0.14

MK are locus model with total K loci (K = 1, 2 . . . 8). Signal designation of
SJ denotes a locus model with J signal loci (J = 0, 1, 2 . . . 5). The cell value
is the average percentage of a locus model with specific number of signal loci
among 100 replicates. The top, middle and bottom value of the cell is from
MDR-Phenomics, MDR-PDT and SP-MDR respectively. The first column is
calculated as type I error and other column calculated as power
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Table 3.6: LD Analysis of Autism Data
Affected-R2

Marker ID 1 2 3 4 5 6 7 8
1 0.086 0.299 0.074 0.002 0 0 0
2 0.07 0.058 0.025 0.011 0.005 0.002 0.001
3 0.22 0.065 0.101 0.002 0 0.002 0.001
4 0.071 0.031 0.104 0 0 0 0.001
5 0 0 0.012 0.011 0.441 0.022 0.033
6 0.001 0.015 0.001 0.001 0.51 0.014 0.235
7 0.007 0.002 0 0 0.026 0.009 0.037
8 0.006 0.007 0.004 0.004 0.046 0.259 0.035

Normal-R2
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Table 3.7: a. 1-locus Models of Autism Data, Sex as PCs
MDR-Phenomics MDR-PDT SP-MDR

Model M P-value Model PDT P-value Model PDT P-value
[ 6 ] 7.008 0.332 [ 6 ] 1.618 0.813 [ 6 ] 2.179 0.413
[ 5 ] 2.014 0.822 [ 8 ] 1.568 0.825 [ 7 ] 1.674 0.635
[ 3 ] 1.293 0.91 [ 1 ] 1.122 0.986 [ 5 ] 1.558 0.838
[ 7 ] 1.279 0.911 [ 5 ] 1.083 0.99 [ 8 ] 1.439 0.755
[ 8 ] 0.763 0.969 [ 3 ] 0.907 0.999 [ 3 ] 1.304 0.94
[ 1 ] 0.708 0.973 [ 4 ] 0.771 0.999 [ 1 ] 1.062 0.9
[ 4 ] 0.246 0.996 [ 7 ] 0.75 1 [ 4 ] 0.975 0.985
[ 2 ] 0 1 [ 2 ] 0.665 1 [ 2 ] 0.579 1

b. 2-locus Model of Autism Data, Sex as PC
MDR-Phenomics MDR-PDT SP-MDR

Model M P-value Model PDT P-value Model PDT P-value
[ 1 8] 58.03 0.033 [ 4 8] 3.755 0.139 [ 1 8] 5.095 0.025
[ 3 6] 24 0.323 [ 1 8] 2.951 0.664 [ 3 6] 3.41 0.32
[ 4 8] 11.09 0.798 [ 4 6] 2.445 0.943 [ 4 8] 2.888 0.631
[ 5 6] 9.278 0.851 [ 3 6] 2.241 0.983 [ 4 6] 2.555 0.865

· · · · · · · · ·
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Figure 3.1: Step 1: The first 1-locus is selected from n locus for test. Step 2: Three
genotypes, 11, 12 and 13, have case:control ratio: #Transmission (T ) / #Non-transmission
(U) = 130/110, 119/98 and 25/30 respectively. Therefore, genotype 11 and 12 were ”high-risk”
for the ratio> 1.0 and genotype 22 was ”low-risk” for the ratio< 1.0. Classification ratios of geno-
types are calculated in each PC level too. Step 3: C statistic is calculated in 2-by-2 table to evaluate
the association of that 1-locus model with transmission. Step 4: #Family with high-risk genotypes
and sum of D statistic are listed in each PC level. F is calculated to estimate PC ”effect” on D.
Step 5: M statistic is calculated by weighting process. Step 6: Non-fixed permutation test generate
empirical distribution of M statistic and get the p-value of each 1-locus model.
.
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4.1 Abstract

Mapping complex disease is more difficult than mapping simple disease. Two common

reasons are genetic heterogeneity and non-Mendelien inheritance pattern in sample.

To efficiently map complex disease, a common strategy is to define sub-populations

with a trait, where the inheritance pattern is nearly Mendelian and the genetic effect

is more likely to be homogeneous Lander and Schork (1994). However, trait defini-

tion is often ad-hoc. To solve this problem, we propose a novel method, Phenotypic

Homogeneity Distinction (PHD), to find homogeneous distribution of a phenotypic

covariate defined as phenotypic IDENTIFIER (ID). PHD trains categorical or con-

tinuous ID by analysis of dependence of a phenotypic covariate on allelic association;

and we expect that association mapping conditioned on phenotypic ID will be more

powerful than traditional association mapping. PHD follows two procedures to train

an ID: existence test and definition, where different strategies for categorical and con-

tinuous phenotype are proposed. To evaluate PHD, different data sets are simulated

with continuous or categorical phenotype under different models for heterogeneity.

The results show that ID defined by PHD algorithm is efficient and association study

conditioned on ID is more powerful than traditional association study under genetic

heterogeneity.

96



4.2 Introduction

Mapping complex disease is more difficult than mapping Mendelian disease, where

challenges mainly come from genetic heterogeneity and non-Mendelian inheritance

in the data. Mutations of different genes can result in the same complex disease

and genetic heterogeneity occurs when there are mixed genetic effects in sample or

a genetic effect in only a subset of sample. Non-Mendelian inheritance generally

comes from characteristic of complex disease-polygenic inheritance as the result of

gene-gene interaction, where a causative effect from mutation of one gene depends on

presence of mutations of other genes. A gene involved in interaction present in only

subset of data makes gene effect in the overall data heterogeneous. To efficiently map

complex disease, a common strategy is therefore to restrict mapping process within

a population with a specific trait, where inheritance pattern is nearly Mendelian and

genetic effect is more likely to be homogeneous Lander and Schork (1994).

This strategy is possible since gene generally takes effect by its expressed pheno-

type and genetic heterogeneity is often shown as widely varied clinical symptoms in

disorders, e.g. Phenylketonuria Okano et al. (1994), Crohn’s disease Duerr (2003),

asthma Altmuller et al. (2005) and Rheumatoid arthritis Weyand et al. (1998) etc.

It is reasonable to define a subset with a more likely homogeneous gene effect by a

homogeneous clinical phenotype. Therefore, although other traits e.g. age at on-

set, family history, gender, severity and ethnic group may be used to define such

a homogeneous sample, studying clinical phenotypes for genetic meaning may help

map complex genes. Such a successful example of mapping complex disease gene by

clinical phenotype is the detection of the APC gene in analysis of colon cancer with

extreme polyposis Kinzler KW (1991).

A clinical phenotype of complex disease could be affected by different genes, and

directly using a clinical phenotype without narrow definition often can not efficiently

get a sample with less heterogeneity. Phenotypic study for definition of phenotype
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is not only important for mapping complex disease but also important for diagno-

sis, prevention, and therapy. Successful definition of phenotype can be traced back

to 1975, when Farmer classified 651 patients with Crohn’s disease (CD) based on

initial disease location, which was shown to be major phenotype that determines

clinical symptoms, clinical course and prognosis Farmer et al. (1975). This success

initiates efforts to standardize study of phenotype in CD, e.g. ”Rome classification”

Sachar et al. (1992) and ”Vienna criteria” Gasche et al. (2000), which can help to

define homogeneous group of CD patients for gene mapping. For complex psychiatric

disorders, there is generally no efficient biomarker (e.g. a blood test) to guide the

diagnosis. Perhaps there are some biomarkers in practice. However, finding them out

is not clear yet. Therefore, exact and precise definition of phenotype that designates

an individual affected or not is especially important for mapping psychiatric disease.

Successful examples using definition of phenotype were observed in mapping studies

of bipolar disorder and dyslexia. A subtype of phenotype defined by the presence or

absence of psychosis indicate different linked region of bipolar disorder Cheng et al.

(2006); Park et al. (2005, 2004). By linkage analysis of dyslexia with five defined

phenotypes respectively, two linked chromosomal regions were successfully identified

Grigorenko et al. (1997).

Definition of phenotype above is generally an ad-hoc procedure that is often un-

clear prior to use. Another common strategy is to identify the maximum linkage

signal with combined phenotype. Such an example is the ordered subset analysis

(OSA) Hauser et al. (2004) that initiates an auto-definition of phenotype for selec-

tion of subsets of families, where families are ranked by a phenotype and subsets of

families are selected with logarithm of odds score (LOD) as large as possible. Link-

age is tested on selected subsets and p-value is obtained by permutation method.

OSA aims to detect linkage even when genetic heterogeneity is present and has many

successful applications Allingham et al. (2005); Hauser et al. (2004); Schmidt et al.

(2006, 2004); Woodroffe et al. (2006).

Although the idea to map genes combined with phenotype is straightforward and
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broadly applied in linkage analysis, as far as we know, there is no systematic studies

of defining phenotype to improve power of association mapping. The main challenges

for this study are how to efficiently separate true signal of phenotype related to homo-

geneous gene effect from noise of phenotype not related. In this paper, we propose a

new method, Phenotypic Homogeneity Distinction (PHD), with different strategy to

define a homogeneous distribution of a phenotypic covariate(s) as IDENTIFIER (ID)

based on allelic association. We expect power of association mapping conditioned on

ID trained from association will be improved.

4.3 Materials and methods

If a gene takes effect in a subset of sample, either independently or under the pres-

ence of other genes, a locus close to or within the gene should have allelic association

in that subset but not in the remaining data. Based on assumption that a clinical

phenotype is affected by gene effect, allelic association in the subset will be correlated

with a subset of phenotype. Therefore, it is possible for us to get correlated clinical

phenotype from allelic association and correlated allelic association from clinical phe-

notype reversely. The PHD method uses clinical symptom as a phenotypic covariate

and tests whether ID exists or not by testing independence between phenotypic co-

variate and pattern of association. This is the first step called existence test of ID.

Following significant tests in the first step, definition of ID is implemented to find a

subset of phenotype in the second step.

4.3.1 Association test and sample classification

For pedigree data, the pedigree disequilibrium test Martin et al. (2000) can be used

to test for an associated allele by its transmission pattern that described by a D

statistic. Considering a di-allelic locus, the D statistic in a pedigree is calculated as

follows:
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D = 1
nT +nS

(
nT∑
j=1

XTj +
nS∑
j=1

XSj)

nT : the number of triad families

nS : the number of Discordant Sib - Pairs (DSPs)

XTj = (# M1 transmitted) - (# M1 not transmitted) in j-th nuclear family

XSj = (# M1 in affected sib) - (# M1 in unaffected sib) in j-th DSP

Positive transmission of an allele occurs in ith pedigree if Di > 0 and negative

transmission of an allele occurs if Di ≤ 0. If a gene takes effect in only subset of data,

a transmission pattern is expected, where positive transmission of that gene is more

often than negative transmission of it. For a locus close to or within that gene, there

will be the same allelic transmission pattern. Suppose there are N unrelated pedigrees

and N is large enough. Mean of Di will be zero and T as normalized Di follows

standard normal distribution under the null hypothesis of no linkage disequilibrium:

E(
N∑

i=1

Di) = 0

V ar(
N∑

i=1

Di) =
N∑

i=1

V ar(Di) = E(
N∑

i=1

D2
i )

T =
N∑

i=1

Di/

√
N∑

i=1

D2
i

Based on transmission pattern, the sample can be classified into groups of positive

transmission (PT) and negative transmission (NT). If a gene takes effect in subset

of data and an appropriate locus is selected, the genetic effect will occur more often

in PT group than in NT group. Similarly, clinical phenotypes affected by that gene

should occur more often in PT group than in NT group and phenotypic distribution of

that clinical variable in PT group will be significantly different from that distribution

in NT group.

Initiated by the consideration above, the overall picture of PHD method can be

summarized in Figure 4.1. First, a sample is recruited from population for training

ID. The sample is classified into groups of positive transmission (PT) and negative

transmission (NT) based on candidate allele. Existence test of ID tests whether distri-

bution of phenotypic covariate is independent of classified PT and NT groups. Under
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significance, either positive or negative selection is applied to defined ID. The condi-

tional association test is implemented next by recruiting new data from population

for association study.

4.3.2 Existence test of ID

Testing existence of ID is implemented by testing independence of distribution of

phenotypic covariate on transmission. Independence indicates that the distribution

of phenotypic covariate in PT group is similar to that in NT group, and rejection

indicates positive transmission of an allele can be characterized by subset of the phe-

notypic covariate. For a categorical phenotype, a goodness-of-fitness test is applied to

the contingency table with k categorical levels of phenotype covariate (C1, C2, · · · , Ck

) below.

C1 C2 · · · Ck

PT n11 n12 n1k

NT n21 n22 n2k

The statistic X is calculated as:

X =
k∑

j=1

2∑
i=1

(n̂ij − nij)
2

n̂ij

(4.1)

The nij is the number of affected individuals that has phenotype of Cj and n̂ij =

(
2∑

i=1

nij) · (
k∑

j=1

nij)/
2∑

i=1

k∑
j=1

nij.

Under null hypothesis that phenotypic covariate is independent of transmission,

X follows chi square distribution with k-1 degree of freedom (df).

For a continuous phenotype, independence of the distribution of phenotypic co-

variate on transmission indicates both mean and variance in two groups are same.

Suppose phenotypic covariate is normally distributed in both PT and NT as n(µA, σ2
A)

and n(µN , σ2
N) respectively. The null hypothesis is ”H0: µA = µN and σ2

A = σ2
N” and

L statistic of likelihood ratio test is calculated as:
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µ̂A =

n1∑
i=1

y1i/n1 s2
A =

n1∑
i=1

(y1i − µ̂A)2/n1 (4.2)

µ̂N =

n2∑
i=1

y2i/n2 s2
N =

n2∑
i=1

(y2i − µ̂N)2/n2 (4.3)

µ̂0 = (

n1∑
i=1

y1i +

n2∑
i=1

y2i)/(n1 + n2) (4.4)

s2
0 = [

n1∑
i=1

(y1i − µ̂A)2 +

n2∑
i=1

(y2i − µ̂N)2]/(n1 + n2) (4.5)

L = 2 · [(n1 + n2) · log(s0) − n1 · log(sA) − n2 · log(sN)] (4.6)

In the equations above (4.2∼4.6), n1 and n2 refer to the number of affected in-

dividuals in PT and NT groups respectively. The y1i is the observed phenotypic

covariate of ith affected individual in PT group, and similarly, y2i the observed phe-

notypic covariate of ith affected individual in PN group. Random variable of statistic

L follows chi-square distribution with df = 2. (Notation of y1i and y2i are used the

same in description below)

4.3.3 Definition of ID

ID is defined by capturing main components of distribution of phenotypic covariate

in PT group, which can be implemented by two strategies: positive and negative

selection. Positive selection defines ID as the region or levels of phenotypic covariate

that has significantly higher probability of being in PT than it in NT. In contrast,

negative selection defines ID as the region or levels of phenotypic covariate in PT

group with probability not significantly lower than probability in NT group.

For a categorical phenotypic covariate, a t test is applied to compare probability

for each categorical level between PT and NT group. For the jth categorical level,
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Cj, the t statistic is calculated as follows:

tj =
p̂1 − p̂2

ŝp ·
√

1/n1j + 1/n2j

(4.7)

p̂1 = n1j/
k∑

i=1

n1i ; p̂2 = n2j/
k∑

i=1

n2i

s2
p = [n1j · p̂1 · (1 − p̂1) + n2j · p̂2 · (1 − p̂2)]/(n1j + n2j − 2)

In the equation 4.7, n1j and n2j are the number of affected individuals that have

Cj in PT and NT group respectively. Suppose p1j and p2j are probabilities of Cj in

PT and PN group respectively. The categorical ID from positive selection based on

X (equation 4.1) and t statistic (equation 4.7) testing the hypothesis: ”H0: p1j ≤ p2j

vs. H1: p1j > p2j” is defined as:

Def 1 ID= {Cj : X is significant and tj is significant under H0, j = 1 · · · ...k}

In contrast,a categorical ID from negative selection is based on testing the hy-

pothesis: ”H0*: p1 ≥ p2 vs. H1*: p1 < p2” is defined to be:

Def 2 ID= {Cj : X is significant and tj is not significant under H0*, j = 1 · · · ...k}

For a continuous phenotype, if the existence test of ID is significant, a phenotypic

covariate can be classified as signal or noise, where signal depends on allelic associa-

tion but noise does not. Signal and noise follow normal distributions, n(µ1, σ
2
1) and

n(µ2, σ
2
2) respectively. To define ID, it is necessary to accurately estimate parameters,

µ1, σ
2
1, µ2, and σ2

2. Simple maximum likelihood estimates (SMLE) assume phenotypic

covariates in PT group and NT group are from signal and noise respectively. There-

fore, SMLE of parameters are calculated as:

µ̂1 =
n1∑
i=1

y1i/n1 σ̂2
1 =

n1∑
i=1

(y1i − µ̂1)
2/n1

µ̂2 =
n1∑
i=1

y2i/n2 σ̂2
2 =

n1∑
i=1

(y2i − µ̂2)
2/n2
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In contrast, complex maximum likelihood estimates (CMLE) assume phenotypic

covariates in PT group and NT group are both mixture with signal and noise. The

signal observation has probability of p1 in PT group and probability of p2 in NT,

where p1 is bigger than p2. CMLE of parameters are estimated by expectation-

maximization (EM) algorithm maximizing likelihood below (refer to Appendix for

detailed derivation):

L(y1i, z1i, y2i, z2i) = [
∏

y1i,z1i∈PT

{[p1f1(y1i)]
z1i [(1 − p1)f2(y1i)]

1−z1i}]

× [
∏

y2i,z2i∈NT

{[p2f1(y2i)]
z2i [(1 − p2)f2(y2i)]

1−z2i}]
(4.8)

,where f1 and f2 are the density function of signal and noise respectively; z1i and

z2i are independent Bernoulli random variable, z1i ∼ Ber(p1), z2i ∼ Ber(p2). The

EM algorithm is implemented with E and M step below.

• E step: calculate expected value of log likelihood above for random vari-

ables of z1i and z2i given y1i and y2i observed.

• M step: estimate parameters by maximizing the log-likelihood based on

expected value in E step.

E and M steps are repeated to get CMLE until the maximum likelihood stable (refer

to Appendix for detail).

A continuous ID is defined by finding two-side regions with 5% probability in

signal and noise distribution respectively. After parameters of µ1, σ
2
1, µ2, and σ2

2 are

estimated, four cut points combined together to cover 95% estimated signal and noise

distribution are obtained as follows:

µ̂1 − 1.96 · σ̂1, µ̂1 + 1.96 · σ̂1, µ̂2 − 1.96 · σ̂2 and µ̂2 + 1.96 · σ̂2

These four cut points are denoted increasingly as I1, I2, I3 and I4 (I1 ≤ I2 ≤ I3 ≤ I4)

if µ̂1 ≥ µ̂2, and decreasingly as E1, E2, E3 and E4 (E1 ≥ E2 ≥ E3 ≥ E4) if µ̂1 ≤ µ̂2.

Therefore, ID of positive selection is defined as the phenotypic covariate (Y) above
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I3 or below E3 (Figure 4.2a).

Def 3 ID={Y : Y ≥ I3 | µ̂1 ≥ µ̂2}, or {Y : Y ≤ E3 | µ̂1 ≤ µ̂2}

ID of negative selection is defined as the phenotypic covariate (Y) above I2 or below

E2(Figure 4.2b)

Def 4 ID={Y : Y ≥ I2 | µ̂1 ≥ µ̂2}, or {Y : Y ≤ E2 | µ̂1 ≤ µ̂2}

4.3.4 Data simulation

We simulated a dichotomous disease in nine data sets consisted of 1000 indepen-

dent replicates (or samples) each using the computer program SIMLA Schmidt et al.

(2005), with dominant, recessive or multiplicative inheritance (Table 4.1). Each data

set contained 2 di-alleilic loci and consisted of two groups with 500 nuclear families

each, group N1 and N2. Locus 1 was simulated with association in group N1, but

without association in group N2. Locus 2 as a control is simulated without asso-

ciation in both groups. Association was simulated by defining allelic frequencies of

disease locus D (allele d), locus 1 and 2 (allele A) in SIMLA (Table 4.2). Genetic

heterogeneity in the data sets was simulated by mixing group N1 and group N2. Phe-

notypic heterogeneity reflecting genotypic heterogeneity was generated by assigning

different phenotypic values or distributions to group N1 and group N2. Assignment

of categorical phenotype in the nine data sets is listed in Table 4.3.

Definition of continuous phenotypic ID using the EM method is in great demand

of computational load for data sets with large replicates, so only dataset 1 with the

first 100 replicates was selected for test with phenotypic covariate simulated under

three kinds of genetic heterogeneity (H1, H2 and H3). Different parameter values

and patterns for the distributions are shown in Figure 4.3. From Figure 4.3, we can

see the distributions of phenotypic covariate between group N1 and N2 have almost

no overlap, partial overlap, and almost complete overlap under heterogeneity H1, H2

and H3 respectively. Given two independent observed phenotypic covariates under
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heterogeneity H3, H2 and H1, the probability for them from same population is from

high to low, which indicates phenotypic heterogeneity is from low to high for H3, H2

and H1.

4.3.5 Analysis

Two kinds of analyses are taken to evaluate the PHD algorithm. The first analysis

is focused on power and type I error of existence test of ID. Power based on locus 1

and type I error based on locus 2 are the probability that existence of ID detected,

which is estimated as the percentage that existence tests of ID are significant (p −
value ≤ 0.05) among all replicates of a data set. To answer whether a defined ID is

efficient and powerful, the efficient analysis is taken by comparing the statistic from

association test of PDT conditioned on ID to statistic from traditional association test

of PDT. A significantly increased statistic indicates improved power in the subsequent

association study. The detailed steps of efficient analysis of a data set are as follows:

1. define ID in the i-th replicate.

2. get statistic T0 by PDT in the (i + 1)-th replicate.

3. apply ID to the (i+1)-th replicate to get subset of families, where T1 from PDT

is calculated. If ID can not be found in step 1, T1 will be equal to T0.

4. count 1 if T1 > T0, otherwise 0.

5. repeat step 1 to step 4 for all replicates

The efficient frequency is defined as the number of times that the count in step 4

is 1. Efficient frequency therefore follows binomial distribution, ∼ bin(n, p), where

n is the number of replicates in a data set selected for test and p is the probability

of a replicate giving T1 > T0. Hypotheses are defined as: H0: p ≤ 0.05. vs. H1:

p > 0.05. Rejection of H0 indicates that conditional association on ID is significantly

more powerful than traditional association.
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4.4 Results

4.4.1 Power and type I error: test of existent ID

Results for a categorical phenotype are listed in Table 4.4. Locus 2 is not associated

with simulated dichotomous disorder and corresponding existence test of ID shows

estimates of type I error average around 0.05 among all nine datasets. In contrast,

analysis of locus 1 associated with the dichotomous disorder shows that the test of

existent ID has great power (≥ 0.687 for nine datasets). The power depends on

the number of categorical levels included in true ID and genetic inheritance. As the

number increases for the same inheritance (e.g. dataset 3, 2 and 1; dataset 4, 5

and 6; dataset 7, 8 and 9), power decreases gradually, which is clearest in datasets

with recessive inheritance (dataset 4, 5 and 6). If the number of categorical values

included in true ID is fixed, the power of datasets with multiplicative inheritance is

slightly larger than power of datasets with dominant inheritance (1% ∼ 2%) while

much larger than power of datasets with recessive inheritance (10% ∼ 30%).

Results for a continuous phenotype are listed in Table 5. Type I error based on

analysis of locus 2 is close to the nominal level of 0.05, where the values are 0.02, 0.05

and 0.06 under H1, H2 and H3 respectively. Power depends on the distribution of

phenotypic heterogeneity, where H1 has largest power (0.99) while H3 has smallest

power (0.22).

4.4.2 Efficient analysis

Efficient analysis tests whether conditional association on ID is significantly better

than traditional association. A p−value no more than 0.05 indicates conditional asso-

ciation on ID significantly better than traditional association and a larger estimated

efficient frequency indicates better conditional association on ID. The results for a

categorical phenotype are listed in Table 4.6. Analysis of locus 2 not associated with

the simulated dichotomous disorder gives the results that conditional association on
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ID is not significantly better than traditional PDT since p−values are extremely large

(=1) and efficient frequencies are extremely low ( 50 among 1000 replicates) for all

nine datasets under both positive and negative selection. The reason for extreme large

p-value and low efficient frequencies is that an IDENTIFER does not exist for most

replicates, which causes T1 = T0. For locus 1 associated with simulated dichotomous

disorder, efficient analysis shows that conditional PDT on ID is generally significantly

better than traditional PDT, where the p−values are all zero except ID from positive

selection of dataset 6 (p − value = 0.27). Efficient frequency depends on strategy

of selection applied for ID, the number of categorical levels included in true ID, and

genetic inheritance. Considering factors affecting efficient frequency one by one while

fixing other factors same, the results (Table 4.6) show: 1) negative selection is better

than positive selection; 2) as the number of categorical value included in true ID

increase, efficient frequency decreases accordingly; and 3) multiplicative, dominant

and recessive inheritance results in efficient frequency in decreasing order.

Results for continuous phenotype are listed in Table 4.7. Efficient analysis of

continuous ID depends on accurate estimates of the four cut pints, which are I1 − I4

since sample mean of phenotypic covariate in PT group is bigger than sample mean

in PN group (Figure 4.2). To clearly understand which estimate, SMLE or CMLE, is

better for conditional test of association on ID, efficient analysis of ID defined from

true parameters used in simulations was conducted. Analysis of locus 2 shows no

p − values are significant, no matter what estimates (SMLE or CMLE) or strategies

of selection (positive or negative) are applied. Interesting results are that p− values

are extreme (1.0) for ID from SMLE. The reason is that SMLE does not give valid

ID (e.g. trained ID covers all observed phenotypic covariate in data) for nearly all

replicates. Efficient analysis of locus 1 using the ID from true parameters concludes:

1) efficient frequency (13, 40 and 88 with positive selection; 55, 76 and 92 with

negative selection) increases as heterogeneity of phenotype covariate increase (i.e.

H3 < H2 < H1); 2) under heterogeneity H3, efficient frequency is not significant

for both positive (p=1) and negative selection (p=0.14); 3) under heterogeneity H1,
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results are significant for both positive (p=0) and negative selection (p=0); 4) under

heterogeneity H2, the significance is only from negative selection (p=0) but not from

positive one (p=0.97); and 4) efficient frequency indicates that negative selection is

better than positive selection under H1 ( 92 vs. 88) and H2 (76 vs. 40). Analysis

of the ID defined by CMLE matches all these conclusions, and efficient frequency

from CMLE is especially close to that from true parameters under heterogeneity H1

and H2. In contrast to CMLE, efficient frequency from SMLE is significant only in

heterogeneity H2 (p=0.01), but extremely low (frequencies are 0 and 10 from positive

and negative selection respectively) in heterogeneity H1 and H3.

4.5 Discussion

We introduced the PHD method in this paper to define a phenotypic ID based on

association studies of a given gene, which can be easily extended to other genetic

studies, e.g. linkage analysis. For pedigree data, the PDT method is applied to

describe association by its D statistic. We used family-based PDT method which has

advantage that trained ID is free from confounding effect from population structure.

Given a risk gene with heterogeneous effect in a data set, conditional association

study of a dissected subsets from phenotypic ID improves the power of association

tests by decreasing genetic heterogeneity.

In contrast to some other methods that create subsets of phenotype based on a

specific phenotypic threshold, the phenotypic ID from the PHD method is trained

by positive transmission of an allele to affecteds in PT group. If a risk gene deter-

mines distribution of a phenotypic covariate, a locus close to or within the gene will

have positive transmission, which depends on phenotypic covariate too. This depen-

dence indicates that trained ID characterizes homogeneous association in a subset

even under complex data with genetic heterogeneity. This is evidenced by efficient

analysis that shows conditional association test on ID is better than traditional test

of association under phenotypic heterogeneity H1 and H2. For a complex disorder
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with gene-gene interaction, where a gene takes effect under presence of one or more

other genes, a subset dissected by an ID from allelic association of a locus is therefore

helpful to detect allelic association of another locus involved in the interaction. If a

gene does not influence risk, positive transmission of that gene will be independent

of phenotypic covariate. Under this case, the probability of having an ID based on

analysis of locus close to or within the gene will be low, which is evidenced by low

type I error of existence test of ID.

Compared to the traditional association test, conditional association on ID applied

in a subset of the data has a higher likelihood of having a homogeneous gene effect,

but smaller sample size. Smaller sample size brings advantage of less expense for

genotyping, but can result in larger variance of statistic, which could affect power of

conditional association. In addition to sample size, power of conditional association

on ID depends on accurate definition of ID. For categorical phenotype, PHD tries to

define ID by analysis of discrete level one by one. Since a test of every phenotypic

level is undertaken under the condition that existence of ID is significant using first

threshold of α, generally 0.05, the unconditional significance of an ID consisting of

discrete level is no more than α and there is no need to adjust for multiple testing

for every discrete level in the PHD. In defining the ID, a second threshold of 0.05 is

applied to include a discrete level based on t test (equation 4.7) following significant

existence test of ID. Nevertheless, the best second threshold is never known. In

many cases, increasing it a little over 0.05 may be better. A larger second threshold

can increase the number of discrete values in ID, with which increased sample size

of dissected subset increases the power of association that overbids disadvantage of

more trivial discrete value probably in ID. For the same reason, negative selection is

generally inferior to power of positive strategy, which is shown in studies of simulated

datasets.

For a continuous phenotype, it is challenging to decide how to define ID. The

PHD method applies cut points that cover 95% region of phenotype in PT and NT

groups to roughly estimate the ID. As long as the parameter estimates are accurate,
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cut points with 95% coverage capture the main components of distribution. PHD

uses two estimates, SMLE and CMLE. Efficient analysis of simulated datasets shows

that CMLE is more accurate than SMLE does, since CMLE better approximates the

efficient frequency of true parameters than SMLE does. However, CMLE obtained

through EM algorithm has its disadvantage. CMLE based on EM depends on initial

guess of parameters’ values, which may provide only a local MLE. To assure a global

MLE, it is necessary to try different initial values.

To apply PHD for conditional association on ID, training and testing data must

be efficiently designed and applied. Training data is used for testing and defining ID,

which is followed by conditional association test on IDENTIFER in testing data. For a

given data set, an optimum design is to use whole data as training data and population

as testing data for conditional association study. This design is applied in efficient

analysis of simulated data sets. Second design is possible when sample size is large,

where the data set can be divided into training and testing set. If neither population

is available nor size of given data set is large, the third design using the same data as

training and testing sets is used. This design requires more computational challenge.

Since training and testing sets are not independent, a permutation test is required for

accessing the significance of conditional association studies. Permutation test based

on simulated data sets shows results approximate to efficient analysis (results not

listed).

The PHD method has general restriction as parametric method. Test of existence

and definition of ID depend on assumption of multinomial distribution for categorical

phenotype and assumption of normal distribution for continuous phenotype. Viola-

tion of the assumption may affect type I error and power of ID guided association. For

the existence test of categorical ID, small sample size causes the X statistic (equation

4.1)may not follow chi square distribution, where fisher exact test or Monte Carlo

simulation test can be used to get correct p−value. For the existence test of continu-

ous ID, likelihood ratio method tests equal mean and variance of phenotypic covariate
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in PT and NT groups, which is based on assumption of normal distribution of phe-

notypic covariate in both groups. Analysis of simulated data sets shows that LR test

is insensitive to departure from normality, which is clearly evidenced in replicates of

data set 1 with heterogeneity H1. Although Q-Q plot shows that both PT and NT

groups in data with phenotypic heterogeneity H1 does not match normal distribution

well (results not listed), power based on LR test is still high (0.99). Alternatively,

if the normal distribution of phenotypic covariate is not appropriate in PT and NT

groups, equal mean and equal variance can be tested separately with controlling for

multiple testing, since estimates of mean and variance (i.e. sample mean and sample

variance) are both a kind of mean function converging to normal distribution under

large sample size based on central limit theory. However, in spite of probable restric-

tions of PHD, this method provides a new idea to train ID and conditional association

test on ID can improve the power of mapping complex disease.

4.6 Appendix

Suppose X1 and X2 are two independent random variables with normal distributions,

X1 ∼ n(µ1, σ
2
1) and X2 ∼ n(µ2, σ

2
2). Density functions of X1 and X2, f1 and f2, are:

f1 = f1(x1) = f1(X1 = x1|µ1, σ
2
1) =

1√
2πσ1

e−(x1−µ1)2/(2σ2
1) (4.9)

f2 = f2(x2) = f2(X2 = x2|µ2, σ
2
2) =

1√
2πσ2

e−(x2−µ2)2/(2σ2
2) (4.10)

Suppose random variable Y is mixed from X1 and X2, where it has probability of p

from X1 and probability of 1 − p from X2. If we denote a bernoulli random variable

Z with probability of Z = 1 is p (i.e. P (Z = 1) = p) and probability of Z = 0 is 1−p

(i.e. P (Z = 0) = 1 − p). Therefore, Y can be defined as:

Y = X1 · Z + X2 · (1 − Z) =

{
Y = X1 if Z = 1

Y = X2 if Z = 0
(4.11)
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and,

P (Y ≤ y, Z = 1) = P (Y ≤ y|Z = 1) · P (Z = 1) = P (X1 ≤ y) · p
f(Y = y, Z = 1) = ∂

∂y
P (Y ≤ y, Z = 1) = f1(y) · p

P (Y ≤ y, Z = 0) = P (Y ≤ y|Z = 0) · P (Z = 0) = P (X2 ≤ y) · (1 − p)

f(Y = y, Z = 0) = ∂
∂y

P (Y ≤ y, Z = 0) = f2(y) · (1 − p)

Therefore, the joint density function of (Y, Z) is:

f(Y = y, Z = z) = {p · f1(y)}z{(1 − p) · f2(y)}1−z =

{
f1(y) · p if z = 1

f2(y) · (1 − p) if z = 0

(4.12)

In PHD method, individual random variables of Y and Z in PT group is denoted as

y1i and z1i respectively, i = 1, 2, . . . ..., while that in NT group as y2i and z2i.

y1i = X1 · z1i + X2 · (1 − z1i), z1i ∼ bernoulli(p1)

y2i = X2 · z2i + X2 · (1 − z2i), z2i ∼ bernoulli(p2)

Therefore, based on equation 4.9 ∼ 4.12, likelihood function for EM algorithm (equa-

tion 4.8) is derived. That is:

L(y1i, z1i, y2i, z2i) = [
∏

y1i,z1i∈PT

{[p1f1(y1i)]
z1i [(1 − p1)f2(y1i)]

1−z1i}]

× [
∏

y2i,z2i∈NT

{[p2f1(y2i)]
z2i [(1 − p2)f2(y2i)]

1−z2i}]
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To maximize ~θ = (µ1, σ1, µ2, σ2, p1, p2), E step and M step are taken consecutively. In

E step, expection function, Q(y1i, y2i) is calculated:

Q(y1i, y2i) = E~θ{logL(y1i, z1i, y2i, z2i)|(y1i, y2i)}
=

∑2
j=1

∑nj

i=1{E(zji|yji)logf1(yji, µ1, σ1)

+(1 − E(zji|yji))logf2(yji, µ2, σ2)

+E(zji|yji)log(pj) + (1 − E(zji|yji))log(1 − pj)}

(4.13)

where

E(zji|yji) = f(zji = 1|yji) =
f(zji = 1, yji)∑

zji
f(zji, yji)

=
pj · f1(yij)

pj · f1(yij) + (1 − pj) · f2(yij)

In M step, ~θ is maximized by solving equation:

∂

∂~θ
Q(y1i, y2i) = 0

The maximized parameters, ~θ, are:

µ̂1 =
∑2

j=1

∑nj
i=1 E(zji|yji)·yij∑2

j=1

∑nj
i=1 E(zji|yji)

σ̂1 =

√∑2
j=1

∑nj
i=1 E(zji|yji)×(yij−µj)2∑2

j=1

∑nj
i=1 E(zji|yji)

µ̂2 =
∑2

j=1

∑nj
i=1(1−E(zji|yji))·yij∑2

j=1

∑nj
i=1(1−E(zji|yji))

σ̂2 =

√∑2
j=1

∑nj
i=1(1−E(zji|yji))×(yij−µ2)2∑2

j=1

∑nj
i=1(1−E(zji|yji))

p̂1 =
∑n1

i=1 E(z1i|y1i)/n1 p̂2 =
∑n2

i=1 E(z2i|y2i)/n2

The E and M steps are repeated until estimates of ~θ are converged.
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Table 4.1: Genotype penetrance under different inheritance

Genotype Dominant Recessive Multiplcative
++ 0.0005 0.005 0.004
+d 0.001 0.005 0.01
dd 0.001 0.02 0.025

d: causative allele at disease locus D; +: normal allele at disease locus D
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Table 4.2: Allelic frequencies in group N1 and N2

Group N1 Group N2
Locus D f(d)=0.15 f(d)=0.15
Locus 1 f(A|d)=0.15 f(A)=0.15

f(A|+)=0.85
Locus 2 f(A)=0.8 f(A)=0.8

f(d): frequency of causative allele d at locus D; f(A|d): frequency of common
allele A of locus 1 given causative allele d; f(A|+): frequency of common allele
A of locus 1 given wild-type allele + of locus D; f(A): frequency of common
allele A of locus 1 or locus 2.
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Table 4.3: Inheritance, sample size and categorical phenotype

Dataset Inheritance #Replicates #N1 Fam #N2 Fam N1 PC N2 PC
1 1 1000 500 500 1,2,3,4 5,6,7,8
2 1 1000 500 500 1,2 3,4
3 1 1000 500 500 1 2
4 2 1000 500 500 1 2
5 2 1000 500 500 1,2 3,4
6 2 1000 500 500 1,2,3,4 5,6,7,8
7 3 1000 500 500 1 2
8 3 1000 500 500 1,2 3,4
9 3 1000 500 500 1,2,3,4 5,6,7,8

Inheritance: 1=dominant, 2=recessive, 3=multiplicative; #N1 Fam: the number of families
in group N1; #N2 Fam: the number of families in group N2; #N1 PC: phenotypic values
assigned to group N1; #N2 PC: phenotypic values assigned to group N2
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Table 4.4: test of existent of ID for categorical phenotype

Dataset Power Type 1 error True Identifer
1 0.977 0.043 1,2,3,4
2 0.989 0.053 1,2
3 0.994 0.036 1
4 0.862 0.035 1
5 0.794 0.05 1,2
6 0.687 0.049 1,2,3,4
7 1 0.052 1
8 1 0.059 1,2
9 0.999 0.051 1,2,3,4

Power is based on analysis of locus 1 and type I error is based on analysis of locus 2
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Table 4.5: test of existent ID for continuous phenotype

Heterogeity Power Type 1 error
H1 0.99 0.02
H2 0.94 0.05
H3 0.22 0.06

The analysis is based on dataset 1 with first 100 replicates
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Table 4.6: efficient analysis of categorical ID

Data set Locus 1 Locus 2 True ID
Positive Negative Positive Negative

1 765 (0) 929 (0) 52 (1) 51 (1) 1,2,3,4
2 840 (0) 888 (0) 45 (1) 45 (1) 1,2
3 851 (0) 851 (0) 34 (1) 34 (1) 1
4 602 (0) 602 (0) 34 (1) 34 (1) 1
5 585 (0) 663 (0) 41 (1) 44 (1) 1,2
6 509 (0.27) 626 (0) 45 (1) 44 (1) 1,2,3,4
7 946 (0) 946 (0) 49 (1) 49 (1) 1
8 929 (0) 953 (0) 55 (1) 51 (1) 1,2
9 836 (0) 975 (0) 49 (1) 45 (1) 1,2,3,4

eff. freq shows the number of |T1| > |T0|, eff. fre∼ bin(1000, p). The p−value in parenthesis
is obtained by testing ”H0: p ≤ 0.05” against ”H1:p > 0.05”
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Table 4.7: efficient analysis of continuous ID

Het. Locus TRUE SMLE CMLE
Pos. Neg. Pos. Neg. Pos. Neg.

H1 1 88 (0) 92 (0) 0 (1) 10 (1) 87 (0) 90 (0)
2 44 (0.86) 53 (0.24) 0 (1) 0 (1) 26 (1) 30 (1)

H2 1 40 (0.97) 76 (0) 10 (1) 61 (0.01) 44 (0.86) 74 (0)
2 55 (0.14) 54 (0.18) 51 (0.38) 48 (0.62) 50 (0.46) 57 (0.07)

H3 1 13 (1) 55 (0.14) 7 (1) 54 (0.18) 12 (1) 48 (0.62)
2 51 (0.38) 58 (0.10) 52 (0.31) 47 (0.70) 45 (0.82) 51 (0.38)

This efficient analysis is based on dataset 1 with first 100 replicates under three kinds of
heterogeneity. True=ID from true parameter; SMLE=ID from SMLE; CMLE=ID from
CMLE; Pos. = ID based on positive selection; Neg. = ID based on negative selection. The
p − value is put in parenthesis. Refer to Table 4.6 for test.
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Figure 4.1: PHD method trains IDENTIFIER for conditional association study
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Figure 4.2: IDENTIFEIR (ID) is defined by four cut points. a) Four cut points are I1, I2, I3

and I4. Mean of signal is bigger than mean of noise. Phenotypic covariate (Y) between I2 and I4

(I2 ≤ Y ≤ I4) and that between I1 and I3 (I1 ≤ Y ≤ I3)cover 95% distribution of signal and noise
respectively. ID from positive selection = {Y ≥ I3}; ID from negative selection = {Y ≥ I2}. b) Four
cut points are E1, E2, E3 and E4. Mean of signal is smaller than mean of noise. Region between E2

and E4 (E2 ≤ Y ≤ E4)and region between E1 and E3 (E1 ≤ Y ≤ E3) cover 95% distribution of
signal and noise respectively. ID from positive selection = { Y ≤ E3}; ID from negative selection =
{Y ≤ E2}.
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Figure 4.3: Different phenotypic heterogeneity by mixing distribution of phenotypic covariate in
group N1 and group N2. 1) Heterogeneity H1: signal∼ n(µ = 70, σ = 2); noise∼ n(µ = 50, σ = 2).
2) Heterogeneity H2: signal∼ n(µ = 70, σ = 10); noise∼ n(µ = 50, σ = 10). 3) Heterogeneity H3:
signal∼ n(µ = 70, σ = 40); noise∼ n(µ = 50, σ = 40).
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Chapter 5

Discussion
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5.1 Introduction

The Extended Multifactor Dimensionality Reduction (EMDR), Multifactor Dimen-

sionality Reduction–Phenomics (MDR-Phenomics) and Phenotypic Homogeneity Dis-

tinction (PHD) were developed to solve different problems that occur in mapping

genes underlying complex diseases. The EMDR method can handle both population

and pedigree data, and aims to detect all of the existing gene effects through multi-

locus association analysis. However, if a heterogeneous genetic effect exists, different

subsets of the data may have different genetic effects, and the signal of one gene effect

may be too weak to be detected by the EMDR method. MDR-Phenomics analyzes

data of the triad families to detect genetic effects. To compensate for genetic hetero-

geneity, MDR-Phenomics magnifies the weakened signals by multiplying a statistic

of association with a factor that estimates the heterogeneity of the association. By

comparison, the PHD method can analyze extended pedigree data and dissect a sub-

set of data with a more homogeneous phenotype, where a homogeneous genetic effect

is more likely to exist.

5.2 Multifactor Dimensional Reduction and Per-

mutation Test

Based on the Common Disease/Common Variant (CD/CV) hypothesis (Chakravarti,

1999; Lander, 1996), multiple variants causing a complex disease generally each have

only a small effect. A small effect is hard to detect by the traditional linkage and as-

sociation studies unless the sample size is extremely large. Given the modest sample

sizes often available, the combined effects from multiple variants have to be considered

for effective mapping. However, multiple variants interacting in the high dimensional-

ity are often accompanied by the curse of dimensionality, where the linearly increased

dimension (i.e. number of variants) results in an exponentially increased volume (i.e.

number of possible interactions). To detect every possible interaction, a parametric
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method (e.g. regression method) will require an exponentially increased number of

parameters corresponding to the linear increase in markers in the analysis. Evalu-

ating a model with a large number of parameters is impossible for most cases. One

of the main reason is that a smaller sample size with a larger number of parameters

will result in larger bias and more variance of the estimated parameter, making the

detected gene effects unreliable.

To solve the curse of dimensionality, a data mining technique–Multifactor Dimen-

sionality Reduction (MDR) was developed. The MDR aims to test the high-order

gene effects, and it is the basis for both EMDR and MDR-Phenomics. Each possible

interaction for a given K loci is tested. The technique of MDR and complete tests

may cause two problems: 1) the statistic from the goodness-of-fitness test on reduced

dimensionality may not follow the standard χ2 distribution; and 2) the multiple tests

of every possible K-dimensional interaction will increase the probability of false pos-

itive results (i.e. type I error). To solve these problems, a permutation method was

adopted. This permutation method evades the problem of the unknown distribution

by generating the empirical distribution of a statistic in the reduced dimension. The

empirical distribution is based on the permuted data under the null hypothesis of no

association. For the permuted data, an extensive test of every K-dimensional inter-

action has to be done and the empirical distribution from the extensive test should

compensate for the multiple tests. The traditional methods for multiple comparisons,

e.g. Bonferroni correction, Tukey-Kramer and Scheffe methods, are not appropriate

because the correlation structure among the independent tests of the high-order in-

teraction in the reduced dimension is unknown. Without changing the correlation

structure, the permuted data is generated by randomly shuffling the case/control sta-

tus (EMDR) or the transmission status (MDR-Phenomics), and the largest statistic

among extensive tests on the permuted data is used to form the empirical distribution.

The technique of MDR classifies genotypes into two categories: the high-risk and
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the low-risk based on the ratio of case to control (EMDR) or transmission to non-

transmission (MDR-Phenomics). If the ratio is higher than 1.0, a genotype is high-

risk; otherwise, the genotype is low-risk. This criteria may be not accurate for some

data (e.g.unbalanced case-control data) and the correction of inaccuracy mainly de-

pends on the permutation methods, where the criteria is equally applied in all of

the permuted data. However, it should be noticed that a more accurate criteria for

the classification can decrease the bias and increase the power of estimation and of

a gene effect. The accuracy of using ratio of 1.0 as the criteria depends on the data

for analysis. For the EMDR, using the ratio of 1.0 is only accurate in the balanced

case-control data. For the MDR-Phenomics, this criteria is generally accurate since

only the triad families are analyzed, where the transmission and non-transmission

status are always matched. A more accurate criteria can be inferred by the Bayes

classification (Hastie, 2001). Suppose a random variable X represents a genotype

from K loci and Y represents a status with Y = 1 as transmission and Y = 0 as

non-transmission. If Y is dependent on X, the true classification function describing

their relationship is defined as:

Y = f(X = x)

The Bayes classification tries to find a ratio that can estimate the classification func-

tion by minimizing the mean squared error (MSE). Given an observed genotype x, it

is of high-risk if the predicted status is 1 (Y = 1) and low-risk otherwise (equation

5.1).

Ŷ = f̂(X = x) =

{
1, x is high - risk genotype

0, x is low - risk genotype
(5.1)

To calculate the MSE, a loss function of squared error, L(Y,X), is applied to

measure how close the f̂(X) is to the Y averagely.

L(Y,X) = (Y − Ŷ )2 = (Y − f̂(X))2

The MSE is therefore calculated as:
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MSE = EX,YL(Y, X) = EXEY|XL(Y, X), and

EY|XL(Y, X) = EY|X(Y − f̂(X)
2

=

P(Y = 1|X) • (1 − f̂(X))
2
+ P(Y = 0|X) • (0 − f̂(X))

2

Minimizing the MSE is equivalent to minimizing the EY |XL(Y,X) and the classifica-

tion function cab be estimated as:

f̂(X = x) = I{rx = P (Y = 1|X = x)/P (Y = 0|X = x) > 1} (5.2)

Estimation of the classification function (equation 5.2) is an indicator function de-

noted as I(expression), whose value is 1 if the expression is true and 0 otherwise.

Therefore, a genotype x is classified to be high-risk if ratio rx > 1 and low-risk oth-

erwise. For the retrospective data, where the affected status is observed before locus

genotyping, P (Y |X = x) can not be estimated. However, given a triad family, the

transmission status always corresponds to the non-transmission status. In that case,

P (Y = 1) = P (Y = 0) = 0.5 can be inferred. By the Bayes rule, rx can be simplified

as:

rx =
P (Y = 1|X = x)

P (Y = 0|X = x)
=

P (X = x|Y = 1) • P (Y = 1)/P (X = x)

P (X = x|Y = 0) • P (Y = 0)/P (X = x)
=

P (X = x|Y = 1)

P (X = x|Y = 0)
(5.3)

For a given genotype x, an unbiased estimation of ratio rx is equal to the number of

transmission of x divided by the number of non-transmission of x. If P (Y = 1) 6=
P (Y = 0), rx in the left of equation 5.3 is not equal to the right of equation 5.3

anymore and that estimation of rx will be biased.

5.3 Measuring Genetic Heterogeneity

It is hard to directly detect genetic heterogeneity in data. However, the genetic effect

may be correlated with a phenotype. So it is possible to capture genetic heterogeneity

by the analysis of a phenotypic covariate (PC). MDR-Phenomics measures the genetic
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heterogeneity by testing for different levels of association among categorical levels of a

phenotypic covaraite. The ANOVA method is applied to measure the heterogeneous

association by calculating the F statistic. If there is more genetic heterogeneity, the

F statistic will tend to be larger. However, if there is no heterogeneity, variation of

the F distribution may cause the observed F statistic to be smaller than 1. Under

this case, the MDR-Phenomics using the F statistic as a multiplicating factor may

decrease the statistic (i.e. M statistic) in measuring a genetic effect compared to

EMDR. Under the genetic heterogeneity, the observed F statistic is generally much

larger than 1 and the MDR-Phenomics is more powerful than the MDR-PDT, which

was shown in the simulation studies. Similar results were obtained when comparing

MDR-Phenomics with EMDR (not listed). If the genetic heterogeneity does not exist,

MDR-Phenomics may be not more powerful than EMDR and MDR-PDT.

Estimation of genetic heterogeneity depends on the selection of an appropriate

phenotypic covariate. Generally, before analysis by the MDR-Phenomics, a phe-

notypic covariate should be chosen based on the known background or analysis .

However, in most cases, choice of the PC is an ad-hoc procedure, where the ge-

netic effect may not be correlated with the PC. An uncorrelated PC may cause the

MDR-Phenomics to miss detection of the genetic effect under heterogeneity as the

EMDR. Furthermore, multiplying the association statistic by the F statistic has a

disadvantage. The MDR-Phenomics uses the C statistic to test the association of a

multi-locus model. The C statistic is always larger than 0 and a larger C statistic

generally indicates a stronger association. However, under the genetic heterogeneity,

the C statistic may be close to 0, which can cause the statistic testing association (i.e.

M statistic) not magnified by multiplying the F statistic with the C statistic. To

solve this problem, it may be better to combine the MDR-Phenomics with a stratified

analysis.
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5.4 Dissecting Heterogeneous Phenotype

The PHD method aims to detect genetic effects by dissecting a heterogeneous group.

Generally, cluster analysis encompassing different algorithms (e.g. hierarchical clus-

tering and K-means method) can divide a phenotypic group into two groups based

on the theory that distance between two points within the same group is smaller than

distance between two points from different groups. However, there are two disadvan-

tages of the cluster analysis. First, it is not known which classified group contains a

genetic effect and how a genetic effect is distributed in the different classified groups

. Therefore, directly classified phenotypic groups may not be very helpful to guide

association mapping. Second, there are no statistical tests applied to give a p-value

for the classification generally. So a better method could be to combine the genetic

information for classification with a statistical test.

The PHD is developed to classify a group of phenotypes based on the association

of a candidate allele. Under the null hypothesis that a phenotypic variable is indepen-

dent of the association, the distribution of a phenotypic covariate will be independent

of the transmission groups,i.e., the positive transmission (PT) and the negative trans-

mission (NT)group. If an independence test is rejected, it indicates that a correlated

phenotype has a larger probability in the PT group than in the NT group. Therefore,

it is reasonable to summarize the distribution of the PC in the PT group to guide

the association mapping in the future through conditional association studies.

The PHD studies can start from a candidate allele. In this case, a list of phenotypic

covariates are analyzed for dependence on the candidate allele. Alternatively, the

PHD scan a list of loci and find the loci that are dependent on a given clinical

phenotype. No matter which first step is taken, the next step of PHD is to train

a phenotypic ID, which labels a more likely homogeneous association. Finally, a

subset is recruited by the trained phenotypic ID. An association studies on that

subset will be more powerful to detect genetic effects than association studies on

a dataset with heterogeneity. Furthermore, the PHD training ID for a candidate
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allele helps to identify the involved interaction from other alleles, because a subset

with a homogeneous genetic effect from a candidate allele is expected to have a more

homogeneous genetic effect from other alleles with interaction with the candidate

allele .

5.5 Future Direction

To map the genetic effect where there is high dimensionality, two strategies were

proposed in this thesis. The first strategy in EMDR and MDR-Phenomics tries to

find an association of a multi-locus model. The second strategy applied in the PHD

tries to train a phenotypic ID for recruiting a subset with the more likely homogeneous

association from a candidate allele. It is expected that all alleles with associations in

the same subset may suggest some kind of interaction.

The classification of genotypes from multiple loci into high-risk and low-risk groups

depends on the ratio rx = P (X = x|Y = 1)/P (X = x|Y = 0) > 1. However, the

ratio of rx = P (X = x|Y = 1)/P (X = x|Y = 0) may be biased for the common case-

control data and the extended pedigree data. In the future, the accurate estimation

of this ratio should be persued and tested. From the equation 5.3, the general rule to

classify a genotype to be highrisk is that P (X = x|Y = 1)/P (X = x|Y = 0) > P (Y =

0)/P (Y = 1). P (X = x|Y = 1) and P (X = x|Y = 0) are estimated as the percentage

of a genotype x in case and control group respectively. However, P (Y = 1) and

P (Y = 0) are generally difficult to estimate. A source for the estimation could be from

the prior epidemiological study. If that source is not available, generally for the rare

disease, P (Y = 0)/P (Y = 1) should be extremely large. Therefore, for non-matched

data, only those genotypes with estimates of P (X = x|Y = 1)/P (X = x|Y = 0)

large enough are classified as the high-risk group.

For extended pedigree data consisting of triad families and discordant sib-pairs

(DSP) only, P (Y = 0) and P (Y = 1) are calculated as:

P (Y = 1) = P (Y = 1|Triad) × P (Triad) + P (Y = 1|DSPs) × P (DSPs)
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P (Y = 0) = P (Y = 0|Triad) × P (Triad) + P (Y = 0|DSPs) × P (DSPs)

where P (Y = 1|Triad) = P (Y = 1|DSPs) = P (Y = 0|Triad) = P (Y = 0|DSPs) =

0.5. So, P (Y = 1) and P (Y = 0) are inferred to be 0.5. However, for complex

extended pedigree data, P (Y = 0) and P (Y = 1) could be hard to estimate, since

they may depend on other factors (e.g. parent and child’s genotypes).

MDR-Phenomics can generally increase the power to detect multi-locus associ-

ation compared to the EMDR and the MDR-PDT when the genetic heterogeneity

exists. However, the C statistic from the goodness-of-fitness test may be close to 0

under genetic heterogeneity. In the future, the stratified analysis can be combined to

address this problem. Under the genetic heterogeneity, the C statistic of an associ-

ated multi-locus model close to 0 occurs when the number of high-risk and low-risk

genotypes in some categorical levels are approximately reversed in the remaining lev-

els. Noticing that, the stratified analysis of association in every categorical level can

be taken to construct the C statistic. The T statistic (equation 1.1 ) calculated at

every categorical level follows a standard normal distribution and T 2 will follow a

χ2 distribution with degree of freedom, 1. Therefore the C statistic calculated as

summation of T 2 over all L categorical levels will follow a χ2 distribution with degree

of freedom, L.

The PHD method currently trains an ID based only on one phenotypic covariate.

In the future, it can be extended to multiple phenotypic covariates. However, multiple

phenotypic covariates are often correlated and it is not appropriate to analyze a

covariate one by one. Two strategies can be taken to integrate multiple covariates

for training the ID. The first strategy tries to summarize the multiple covariates as

a single variable (e.g. a score). For example, a simple method can map the multiple

covariates to the cartesian coordinate system and an euclidean distance is calculated

as a score variable to train an ID. The second strategy is to train a subset of the

covariates, from which the ID can be trained. Another possible strategy is to use

the principle component analysis (PCA) that transforms the multiple covariates by a

projection matrix into subsets of covariates that are independent on each other. The
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phenotypic ID can then be trained from the transformed covariates. However, for the

conditional association studies, projection matrix would be applied with the trained

IDs.

The EMDR, MDR-Phenomics and PHD were proposed to test the genetic effects in

high dimension. The analysis of simulated and real data indicates that those methods

are efficient and powerful. However, in the future, more powerful methods based on

genetic knowledge could be developed. For example, based on the known biochemical

pathway, a bayesian graph (or markov chain) describing the conditional dependence

among genes can be constructed. To test the genetic effect with heterogeneity, the

maximum likelihood is calculated respectively under the null hypothesis of no multi-

locus association and the alternative hypothesis of multi-locus association in a subset

of data. A likelihood ratio test rejecting the null hypothesis indicates the existence

of genetic effect in a subset of the data. However, the challenge is how to train and

construct the conditional dependence of genotyped loci. This study can be further

extended to integrate the linkage information and test the association and linkage

simultaneously.
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