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Abstract

Cancer susceptibility may be controlled not only by host genes and mutated genes in cancer cells, but also by
the epistatic interactions between genes from the host and cancer genomes. We derive a novel statistical model
for cancer gene identification by integrating the gene mutation hypothesis of cancer formation into the mixture-
model framework. Within this framework, genetic interactions of DNA sequences (or haplotypes) between host
and cancer genes responsible for cancer risk are defined in terms of quantitative genetic principle. Our model
was founded on a commonly used genetic association design in which a random sample of patients is drawn from
a natural human population. Each patient is typed for single nucleotide polymorphisms (SNPs) on normal and
cancer cells and measured for cancer susceptibility. The model is formulated within the maximum likelihood
context and implemented with the EM algorithm, allowing the estimation of both population and quantitative
genetic parameters. The model provides a general procedure for testing the distribution of haplotypes con-
structed by SNPs from host and cancer genes and the linkage disequilibria of different orders among the SNPs.
The model also formulates a series of testable hypotheses about the effects of host genes, cancer genes, and
their interactions on cancer susceptibility. We carried out simulation studies to examine the statistical proper-
ties of the model. The implications of this model for cancer gene identification are discussed.

Keywords: Cancer genome; EM algorithm; Haplotype; Host genome; Single nucleotide polymorphism

Introduction

Since the recognition of cancer as a genetic disease, a
number of familial cancer genes with high-penetrance mu-
tations, such as oncogenes and the tumor suppressors, have
been chromosomally identified, isolated or cloned (Balman
et al., 2003; Rand et al., 2008). However, growing evidence
shows that most cancer is the result of an intricate interac-
tion of lowpenetrance genetic variants with environmental
exposures that humans experience (Brennan, 2002). These
low-penetrance cancer genes, each usually with a minor
effect and cooperating with others in a complicated web,
are difficult to detect and, therefore, their contribution to

the risk of cancer development remains unclear. There is a
pressing demand on the development of powerful statistical
models and computational algorithms for identifying and
mapping specific DNA sequence variants that regulate can-
cer susceptibility.

Human cancer cells frequently possess large-scale chro-
mosomal rearrangements due to chromosomal instability
(CIN) (Stock and Bialy 2002; Thompson and Compton, 2008)
or gene mutation (Jallepalli and Lengauer, 2001; Greenman
et al., 2007). CIN makes whole chromosomes or large frac-
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tions of chromosomes gained or lost during cell division, re-

sulting in an imbalance in the number of chromosomes per

cell (aneuploidy) and an enhanced rate of loss of heterozy-

gosity. Thus, the “aneuploidy hypothesis of cancer” (Stock

and Bialy, 2002) proposes that the main differences between
normal and abnormal (cancer) cells result from the number

of genes rather than the types of genes differentially ex-

pressed, as opposed to the “gene-mutation hypothesis”

(Jallepalli and Lengauer, 2001). In general, cancer incidence
and development are not only affected by the host genes,

but also by genes derived from the cancer cells themselves.

Given strong mechanistic interactions between the host and

cancer tissues (Araujo and McElwain, 2006), these two dif-
ferent systems of genes operate interactively or epistatically

to alter the course of cancer progression. Thus, it can be

well anticipated that any statistical model for gene detec-

tion that incorporates these two hypotheses are likely to

make groundbreaking discoveries of cancer genes.

Genetic mapping has proven to be a powerful approach
for detecting quantitative trait loci (QTLs) for complex traits.
But a QTL may contain multiple genes that operate in a
collective way. It is not possible to study the DNA struc-
ture, organization and function of a QTL detected from a
mapping approach. A more accurate and useful approach
for the characterization of genetic variants contributing to
quantitative variation is to directly analyze DNA sequences,
known as haplotypes, associated with a particular disease
(Liu et al., 2004; Lin and Wu, 2006). If a string of DNA
sequence is known to increase disease risk, this risk can be
prevented by inhibiting the expression of this string using a
specialized drug. The control of this disease can be made
more efficient if all possible DNA sequences determining
its variation are identified in the entire genome. The eluci-
dation of the entire human genome has been accelerated by
the haplotype map, or HapMap, constructed by SNPs (The
International HapMap Consortium, 2003). More recently, the
marvelous plans of sequencing the cancer genomes (Kai-
ser, 2005) will provide unprecedented fuel for studying the
genetic architecture of cancer risk.

In this article, we will derive a statistical model for de-
tecting the actions and interactions of haplotypes derived
from the host and cancer genomes for cancer susceptibil-
ity. We will incorporate the “gene-mutation hypothesis” into
the model. The “aneuploidy hypothesis of cancer” will be
considered in a next paper. Through the release of soft-
ware to the public, our statistical model will serve as a rou-

tine means for the genetic diagnosis of cancer risk. Results
from the model will provide scientific guidance for clinical
doctors to design an optimal treatment scheme in terms of
cancer genes and patient’s genes.

Design
Sampling Strategies

Suppose there is a natural human population at Hardy—
Weinberg equilibrium (HWE) from which a random sample
is drawn for cancer gene identification. In order to identify
DNA sequences responsible for cancer susceptibility, we
genotype SNPs from the entire host genome and also SNPs
from the cancer genome for the same patient. We assume
that the cancer genome is a diploid, whose difference from
the normal genome is due to the “genemutation hypothesis”.
Recent molecular surveys suggest that the human genome
contains many discrete haplotype blocks that are sites of
closely located SNPs (Daly et al., 2001; Patil et al., 2001;
Gabriel et al., 2002). Each block may have a minimal subset
of SNPs, i.e., “tagging” SNPs, that can characterize the
most common haplotypes. Our model will be based on tag-
ging SNPs within each haplotype block. Although no de-
tailed information about the structure of the cancer genome
is available, we can assume that a particular set of SNPs
may contribute to cancer formation at the haplotype level.
The tenet of our epistatic model is that the effect of a given
DNA sequence in the host genome on cancer is masked or
enhanced by one or more sequences in the cancer genome.

Genetic Models

Population Genetic Model: Consider a set of R tagging
SNPs from a haplotype block of the host genome and a set
of S SNPs from the cancer genome. We denote two alleles
of SNP r from the host genome by H ;. (k= 1,0;r=1,---R)
and two alleles of SNP s from the cancer genome by
Ci(ls =1,0;5s =1,---S). Let pit and p_ denote
allele frequencies at the corresponding SNP from the
host and cancer genomes, respectively. All the SNPs con-
sidered from the host and cancer genomes form 2%+ pos-
sible joint haplotypes
(HH2,- HR) (CLCR- -
haplotype frequencies are denoted by P(kikz-kr)(l1l2-ls),

expressed as
C li) The corresponding

which are composed of allele frequencies at each
SNP and linkage disequilibria of different orders among
SNPs within and between the genomes (Wu and Lin,
2008). A general expression for the relationships
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between haplotype frequencies and allele frequencies and linkage disequilibria was originally given by Bennett (1954). Table
1 lists the compositions of the frequency of a haplotype constructed jointly by two SNPs from the host genome and two SNPs
from the cancer genome in which linkage disequilibria are specified with two, three, and four sites. From these compositions,
linkage disequilibria are expressed as

Dun

1772
= (p(An(11) + p (11)(10) + p (11)(01) + p (11)(00))( p (00)(11) + p (00)(10) + p (00)(01) + p (00)(00))
- (p (10)(11) + p (10)(10) + p (10)(01) + p (10)(00))( p (01)(11) + p (01)(10) + p (01)(01) + p (01)(00))
Dc c

172
= (p (1DA1) + p 10)(11) + p (01)(11) + p (00)(11))( p (11)(00) + p (10)(00) + p (01)(00) + p (00)(00))
- (p (1D@10) + p (10)(10) + p (01)(10) + p (00)(10))( p (11)(01) + p (10)(01) + p (01)(01) + p (00)(01))
Du.c

271
= (p A1) + p (1D(10) + p (01)(11) + p (01)(10))( p (10)(01) + p (10)(00) + p (00)(01) + p (00)(00))
- (p A1)01) + p (11)(00) + p (01)(01) + p (01)(00))( p (10)(11) + p (10)(10) + p (00)(11) + p (00)(10))
Dsu.c

272
= (p (1DA1) + p (11)(01) + p (01)(11) + p (01)(01))( p (10)(10) + p (10)(00) + p (00)(10) + p (00)(00))
- (p (1D@10) + p (11)(00) + p (01)(10) + p (01)(00))( p (10)(11) + p (10)(01) + p (00)(11) + p (00)(01))
Dsuc

171
= (p A1) + p (1D10) + p (10)(11) + p (10)(10))( p (01)(01) + p (01)(00) + p (00)(01) + p (00)(00))
- (p (11)(01) + p (11)(00) + p (10)(01) + p (10)(00))( p (01)(11) + p (01)(10) + p (00)(11) + p (00)(10))
Du c

16,
= (pan@an + p(101) + p(1o)(11) + p10)©o1))(pa1)(10) + p(11)(00) + p(10)(10) + p(10)(00))

- (p(11)(10) + p(11)(00) + p(10)(10) + p(10)(00))(P(01)(11) + p(01)(01) + pP(00)(11) + P(00)(01))
D n,c,

= [(panan + pa1)10))(pao)o1) + p10)00)) + (p(01)(01) + p(01)(00))(P(00)(11) + p(00)(10))]
- [(p00y01) + p(00)(00))(p(01)(11) + p(01)(10)) + (p(11)(01) + p(11)(00))(P(10)(11) + p(10)(10))]
Ds n,c,

= [(panarn + panon)(po1)10) + po1)00)) + (p©1)(10) + p01)(00))(p00)(11) + p(00)(01))]
- [(poo)10) + p00)©00))(po1)(11) + pO1)(01) + (PA1)(10) + p(11)(00))(p(10)(11) + p(10)(01))]

Ducc,

= [(panan + paoyan)(pa1yoo) + paoyo0) + (po1)(10) + po)10))(pO1)©1) + Po)o1))]

- [(pon)00) + p00)00))(pona1) + poyin) + (P10 + poy10))(paio1) + poyon)]

Dsx,cc,

= [(panan + pEnan)(paneo) + po1©o) + (pao)1o) + p©o)10)(pao)o1) + poyon)]

- [(paoyo0) + p0)00))(poya1) + pooy11) + (pano) + po1)10))(paino1) + po1)o1n)]

(1)

(2)

(4)

(5)

(6)

(7)

9)

(10)
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(_1)4(_]‘)k1+k2+l1+l2 DHngclcg

= DP(kiko)(l1l2) — pllipkHzpl(fpg
- (=1)*(— 1)k1+k2pzlpz2DH1Hz (—1)*(— 1)ll+l2pk1pk2DCICQ
— (1)*(=1)"= P pE Daye, — (—1)*(—=1)"*2pPpf Dy, (11)
- (_1)2( 1)k1+l1pk)2pl2Dchl ( 1)2( 1) 1+l2pk2pl1 DchQ
- (_1)3( 1)k1+k2+hplc2:DH1HQC1 - (_1)3(_1)k1+k2+12plcl:DH1H2C2
- (_1)3( 1>k1+ll+l2pgDH10102 - <_1)3(_1)k2+ll+llpﬂDH20102
Term. Composition Remark
1) pipipipr No LD

(

(2) (=1)2(=1)" T 2pCpE Dy, m, Digenic LD within the host genome (H)

(3) (=1)2(=1)"*pdpl De, e, Digenic LD within the cancer genome (C)

(4) (—1)2(=1)" T ppC Dy, Digenic LD between SNP 2 of H and SNP 1 of C
(5) (—=1)2(=1)**pHpC Dy, e, Digenic LD between SNP 2 of H and SNP 2 of C
(6) (=1)2(=1) T pHpC Dy, Digenic LD between SNP 1 of H and SNP 1 of C
(7) (=1)2(=1)"*=p pC Dy, Digenic LD between SNP 1 of H and SNP 2 of C
(8) (—=1)3(=1)hthpC Dy, Trigenic LD between H and SNP 1 of C

(9) (—=1)3(=1)kthetepC Dy poe,  Trigenic LD between H and SNP 2 of C

(10)  (=1)*(—=1)F*th*epd Dy ey, Trigenic LD between SNP 1 of H and C

(11)  (=1)*(=1)kt0*pH Dy e, Trigenic LD between SNP 2 of H and C

(12) (=D} —=1)ktkethtl Dy g oo, Quadrigenic LD between H and C

Table 1: Disequilibrium compositions of four-SNP haplotype frequencies derived from the host and cancer genomes.

The random combination of maternal and paternal haplotypes generates 2(R+S_1)(2R+S+1) diplotypes expressed as

(Hy, HE, -+ HE)(CLCE, - - CO(Hy HE, - Hif )(Cy G -+ CF ) (ke > Ky ke 2 kg, kg 2 K = 1,04 =
I, ke > 15, ...l > Uiy, = 1,0). We use a vertical hne to separate two haplotypes derived from the maternal and paternal

parents, respectively, for a given diplotype. Under the HWE assumption, diplotype frequencies are expressed as the products
of the frequencies of the two haplotypes that constitute the diplotype, i.e.,

Pk1kakgr)(lila-ls) (K, k- ki) 5 1y Us)

p%k‘le...kR)(lllQ.nlS) kl = ki, kQ e ké’ .. 7kR — k;{;
= ll:l/17l2:lé7-..’l5,:lfg
2p(k1k‘z'~~k‘R)(lll2-~~lg)p(k/1k’2mk’ YU Uy) Otherwise.
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In practice, diplotypes cannot be observed, although ob-
servable zygotic genotypes will be the same as diplotypes
when at most one SNP is heterozygous. Thus, the numbers
of zygotic genotypes, 3%*5, will be less than the number of
diplotypes.

Quantitative genetic model: Our model will be de-
rived to characterize haplotypes that are responsible for
complex traits because the association between haplotype
diversity and phenotypic variation has been detected by sev-
eral genetic studies (Judson, 2000; Bader, 2001; Rha et al.,
2007). Among all possible haplotypes are there some par-
ticular haplotypes, called the risk haplotype (A4, that per-
form differently than the rest of the haplotypes, called the
non-risk haplotype (A). The combinations between the
risk and non-risk haplotypes, A4, AA, and A A, are called

the composite diplotype (Liu et al., 2004; Wu and Lin, 2008).

Hjrja = 2

Thus, by testing the differences in the genotypic value of a
trait among composite diplotypes, we can estimate the ge-
netic effects of haplotypes on the trait. It is also feasible to
detect epistatic interactions between haplotypes from dif-
ferent genomes.

LetA,Aand B , Bdenote the risk haplotypes and non-risk
haplotypes for a series of SNPs genotyped from the host
and cancer genomes, respectively. These two genomes form
nine different composite diplotypes expressed as AABB,
AABB, AABB, AABB, AABB,AABB, AABB, A

ABDB, and A ABB. We will use Mather and Jinks’s (1982)
formulation for genetic epistasis between different loci (Table
2) to model the genetic effects of the composite diplotypes.
The genotypic value (Hj152) of a joint composite diplotype
from the two genomes can be decomposed into nine differ-
ent components as follows:

Overall mean

+(j1 — Dam + (j2 — ac Additive effects

+J1du + j2dc
+(1 = D2 = Diaa
+(j1 = 1)J2iad
+j1(J2 = 1)ida
+(1 =) (1 = j2)iad

where

Dominant effects

Additive x additive effect (12)
Additive x dominance effect

Dominance x additive effect

Dominance x dominance effect,

2 for AA or BB
G, o = 1 for AA or BB

0 for AA or BB

stand for the composite diplotypes from the host and cancer genomes, respectively, / is the overall mean; a,, and a_. are the
additive effects of haplotypes from the host and cancer genome; d;; and d, the dominance effects of haplotypes; and i , i ,
i,,andi,, the additive x additive, additive X dominance, dominance X additive, and dominance x dominance epistatic effects
between the haplotypes from the two different genomes (Table 2).

BB BB BB

AA HAABB = HAaaBB = MAABB =

M+CLH+ac+iaa N+GH+dC+iad N+GH_QC_iaa

AA HAABE = HAABE =

1+ dy + ac + idq

HAABB =

M+dH+dC+idd M+dH_aC_ida

I
=
>
b
W
®

|

AA HAABE = LAABB

M_aH‘{’aC_Z‘aa ILL—a’H_I_dC_iad ﬂ'_aH_aC_‘_Z’aa

Table 2: Additive, dominance, and epistatic compositions of the genotypic value of a composite diplotype constructed with
haplotypes from the host and cancer genomes.
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Different types of genetic actions and interactions can be expressed in terms of genotypic values by solving a group of
regular equations (12). This lets us describe the overall mean, additive, dominance, and four kinds of epistatic effects between

the two genomes by

(13)

It 1(wiiE + 1taaBs + Hiisp + 1aaBB)

ag T(WaaBB — 11iBE + HaasB — HAABE)

ac 1(Wiipp — MAABE — HAaABB T 1AABB)

du 1214355 — MAABE — HAABB — HAABB — [AABB + 21aipp)
dc 1(21iip5 — MAABE — HAABB — MAABB — MAABB + 21aaB5)
laa 1(HaaBB — HaaBE — Hiipe + HAABB)

lad 1(2paaps — HaaBs — 20 44ps + 1MAABB — HaaBB + IiiBB)
ida 1(uaips — 20455 + 1LAABE + HAABS — LAABE — HAABB)
tdd 1(4paips + Haiss + Haass + Wiigs + 1AABB — 20AiBB

—2UaipB — 2104ABB — 2M4AABE)-

Thus, by testing the significance of i ,i ,i, ,andi,,

ad’
a phenotypic trait.

Estimation Procedures

We will estimate two types of parameters for gene can-
cer identification. First is the population genetic parameters
(€2,) that describe the distribution and diversity of haplotypes
in the sampled population quantified by haplotype frequen-
cies for multiple SNPs from the host and cancer genomes,
allele frequencies at these SNPs and their linkage disequi-
libria. Second is the quantitative genetic parameters ((),)
that describe the genotypic values of composite diplotypes,
specified by the action and interaction effects of haplotypes
on cancer susceptibility, and residual variance. Given ob-
served phenotypic (y) and marker data from the host (H)
and cancer (C) genomes, we construct a likelihood and fac-
torize it to two components:

log L(92,, |y, H,C) = log L(Q2,|H, C)

+logL(Qly, H,C,Q,), (14)

where the first component is related to haplotype frequen-
cies and the second component related to haplotype effects
and variance. Thus, maximizing the likelihood (14) is equiva-
lent to maximizing its two components separately.

Estimating Across-Genome Haplotype Frequencies:
Because the same genotype may be formed from multiple
diplotypes, we need to incorporate the EM algorithm to es-
timate the unknown diplotype of a genotype, which is statis-
tically viewed as a missing data problem. Excoffier and
Slatkin, (1995) provided a simple approach for estimating
haplotype frequencies, without specifying the configuration

we can judge whether there is epistasis and how the epistasis affects

of haplotype. We provide a similar estimating algorithm for
specifying the haplotype configuration. An observed zygotic
genotype is generally expressed as
HY HY JHLH, /- JHEHE ) (CLCY CRCE -
/C, l‘ZC’ %), where the slashes are used to separate genotypes
at different SNPs. Let 1(kiky/kaky /- /krky) (L} /121y /- /lsTs)
(which sums to a total sample size of n subjects) be the
observation of a typical joint-SNP genotype from the host
and cancer genomes. Table 3 is an example of data struc-
ture for genotypic observations of two SNPs derived from
the host genome and two SNPs from the cancer genome.
The table also provides the expected frequencies of differ-
ent genotypes in terms of haplotype frequencies.

Based on the information about observed data, it is not
difficult to construct a multinomial likelihood, log l(Qp|H,C),
in which a mixture model is incorporated for those geno-
types that are heterozygous at two more SNPs. By maxi-
mizing the observed data likelihood, the EM algorithm is
derived. In the E step, we calculate the expected number of
a particular across-genome haplotype ( F ,%1 H ,32 - H ,i)
(C LCL---C li) within the mixture of diplotypes that form
the same genotypes. For example, such an expected num-
ber is calculated for two SNPs from the host genome and
two SNPs from the cancer genome using the following for-
mulas:

P(k1k2)(ll2)P(k1k2) (151)

o1 =
Plhiko)(t12)P(k1ka) (1) + Phako) (1) P (k1 k2) (112)
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D(krkz)(1112) P (k1 khy) (111)

p(klk2)(l112)p(k’1k2)(lll’2)

- Pkrk2)(ll2) Pk k) (1 12) ’
Pk1ka) (1112) Pk k) (15 12) T Pk ko) (1 12)P (k1K) (1 l2)
by — D(k1k2)(1l2)P (k) k2) (1] 12) 7
Pkrk2) (1112) P (ki ko) (5 12) T Plkika) (1 12)P(K] k2) (1 12)
Pk1k2)(Lil2) P(kL kL) (11l2)

¢6 - : )
Pkrka)(1a12) PRy k) (1al2) T Plhaky) (1al2) PR, k2) (1 l2)

]/[p(k1k2 1112)P

Tt Dlkerka) (1a15) Pl k) (1 12) T Pk ko) (1 12) Pk k) (1 1) T

¢1 = [p(kle)(lllz p(k1k (k1 kL) (141)

Plkrka) (1 13)P (k1 k) (L 12) ]

Vo = [Dlkska) (1) PR k) (141) )/ [Pk ) (10 12) PO, ) (051

+ Pl ka) (1l PRy k2) (1) + Dk ko) (1 12) Pk, ka) (1) +
p(klkz)(l’llé)p(k’lkg)(lllz)]a

V3 = [Dlkska) (a12) PR (1 1))/ [Pk ) (112) PO, kS ) (11 1)
+ Dk ko) (11 1) Pk, k) (Llz) T Plhaka) (i) Pk k) (1al2) +

Pk (1) Pk, k) (1))

Y = [Plhika) i) POk k) 15 12) )/ [P ko) 11120 P ) 1 12)
T Pl ko) (15 12) PRy k) (ale) T Pl k) (1412) PR, ko) (1 o) +
Plkrka) (112) P(K; k) (o) ]

% = [p(k1k2)(1112)p(k’k’ ]/ptpv (15)

where

Do = DP(kika)(l1la) Pk kL) (1414) T Plkika)(111y) Pk, kL) (1) 12)
t Dk k) (1al2) PRy k) (U 1) - TPk, ko) (1) Pk k) (1 1) +
Dy ko) (1 15) P (K K ) (1) T Pk k) (1115 P (K, ko) (1) 12)
FD k) (1) Plkr k) (112) + DR,k (112) P (e k) (L 13))-

D(kka) (tl2) Pk k) (taly) + Plkrka) (aty) Pk k) (1 l2) 7

D(k1k2)(l2) PRy ko) (1alh) F Plkika) (L) PRy k2 ) (l1l2) 7 P(k1k2)(l1l2)

In the M step, we estimate a haplotype frequency with

the expected number of haplotypes calculated above and
the observations given in Table 3 by

1
% [Qn(klkl/k2k2)(l1l1/1212]

T (ke ky Jhoka) (111 [Ialh) Iy, <y
lll < ll

k?é<k2

T Nk ky ko) (1] fl2l2) 5
T Nk ky okl (1 fl2l2) 5
T (ko k! ok (Il flala) » ki < ki

+ P1N ke ok (1 J1atty) s 11 < D1y 1y < Lo

+ P2k ok (1l f1ally) s Ky < Kay Iy < lo

+ P3Ny k) fhakn)(aly Jlalty)s KD < Ky Iy <l

+ PaN ke by ok (1] Jlaln) s Ky < Kooy 1) <l

+ G5 kr k] Jako) (1l Jlaln)s 1 < K1, 1y <

+ PNy k) okl (al Jlaln)s K1 < K1y Ky < Ko

F V1N ey b Jeakty) (L1 121> Ky < Koy 1 <Dy 1y <o
+ Pan (k1K [ kaka) (L1, /lalh) Ky <k ly <liyly <o
+ 3Nk ke /RS (11 121 5 Ky < ki kg < kol <y

+ Va1 Jry ) (L1 J1al)s K < Ky kg < kol <y

+ ON (kg K Jeo k) (101, J1a14)
(16)

Both the E and M steps are iterated between equations
(15) and (16) until the estimates converge to stable values.
The estimates at convergence are the maximum likelihood
estimates (MLEs) of haplotype frequencies. The MLEs of
allele frequencies at different SNPs and their linkage dis-
equilibria of different orders can be solved from these esti-
mated haplotype frequencies using a system of equations
given in Table 1.

Estimating across-genome haplotype interactions:
To detect how haplotypes or diplotypes are associated with
phenotypic variation in a trait (), we will first assume a risk
haplotype from the host genome and a risk haplotype from
the cancer genome. These two types of risk haplotypes will
generate composite diplotypes. As an example shown in
Table 3, in which there are two SNPs from each genome,
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Genotype
No. Host Cancer Observation  Frequency
1 H{H{/H}H? CiC}/C;C} nayayn)  Pana
2 H{H{/H{H} C{C}/C{CE na1/11)11/10)  2PananPan o)
3 HllHll/H12H12 011011/0803 7 (11/11)(11/00) p%n)(lo)
4 H{H{/H{H} C{C;/CiC} na1/11)0/11)  2PananPanon)
5  H{H{/H{H} C|Cj/CiC] nay/ 010 2PananPaneo) T 2Panao)Pan o
6  H{H{/H{H} CiC5/CiC3 n1/11)10/00)  2P1)A0)P(11)(00)
T H{H!/H{H} CyCi/CFCE N1/ ©0/11)  Panon
8 H11H11/H12Hl2 0605/01203 T(11/11)(00/10) 229(11)(01)29(11)(00)
9 H{H|/H{H} C3C5/C3Cq n(11/11)00/00) P00
10 H{H{/H{H C{C{/CiC} N0/ 2PananPoan
11 H%H%/Hng 011011/01203 7(11/10)(11/10) 210(11)(11)10(10)(10) + 2p(10)(11)p(11)(10)
12 H{H{/H}Hi CiC}/CiC] n(11/10)(11/00)  2P(11)(10)P(10)(10)
13 H{H{/H{HF C{Cy/CiCY na1/10)10/11)  2PananPaoyo1) T 2P0)a1)P1)o1)
14 H{H{/H{Hi C|Cy/CiC} n(11/10)10/10)  2P1HA1DP0)(©00) T 2P(11)(10)P(10)(01)
+2P(10)(11)P(10)(00) T 2D(10)(10)P(11)(01)
15 H{H{/H{H; C{C§/C5C3 n(11/10)(10/00)  2P(11)(10)P(10)(00) T 2P(11)(00)P(10)(10)
16 H{H{/H{HF CiCy/CiCY n(11/10)(00/11)  2P(11)(01)P(10)(01)
17 H%H%/Hng 0505/01203 7(11/10)(00/10) 210(11)(01)10(10)(00) + 2p(11)(00)p(10)(01)
18 H{H{/H{HF CyC5/CiCH (11/10)(00/00)  2P(11)(00)P(10)(00)
19 H{H{/HiH; Ci{C1/CiCY na1j00)11/11) Pl
20  H{H{/HiHi C{C{/CICE na1/00)(11/10)  2P(0)(11)P(10)(10)
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21  H{H{/HjH; C|C}/CiC] n(11/00)(11/00)  Pl10)(10)

22 H{H{/H{H§ CiCy/CiCY na1/o0)0/11)  2Pa0)a1)P(10)(01)

23 H{H{/H{H§ CiC;/CiCY n(11/00)(10/10)  2P0)11)P(10)(00) T 2P(10)(10)P(10)(01)

24 H%H%/H(?Hé 0%05/0308 7(11/00)(10/00) 229(10)(10)29(10)(00)

25 H{H{/HiHi C;C;5/CiCY na1/00)00/11)  Pligyon)

26 H%H%/H(%Hg 0305/01208 T(11/00)(00/10) 2]9(10)(01)]9(10)(00)

27  H{H{/H§H; C3C5/C3CE 1(11/00)(00/00)  2P{10)(00)

28 HlHy/HH} CiCi/CiCY no/1)(11/11)  2PananPonin)

29 H%Hé/H%H% 011011/01205 N(10/11)(11/10) 21?(11)(11)19(01)(10) + 2p(01)(11)p(11)(10)

30 H{Hy/H{H} CiCi/C3CE n(10/11)(11/00)  2P(11)(10)P(01)(10)

31 H{H;/H{H? CiCj/CiCY nao/o/11)  2PananPonn) + 2Py anPan o)

32 H{Hy/H{H} CiCy/CiCE nao/1n)(0/10)  2PananPonyoo) T 2Panao)Por)o1)
+2po1ya1)P11)(00) + 2P(01)(10)P(11)(01)

33 H|Hj/H{H? C{C;/C5CE T(10/11)(10/00)  2P(11)(10)P(00)(10) + 2P(10)(10)P(01)(10)

34 H{H;/H{H? C3Cy/CiCE N(10/11)(00/11)  2P(11)(01)P(01)(01)

35 H%Hé/H%H% 0303/01205 7(10/11)(00/10) 22?(11)(01)1?(01)(00) + 2p(01)(01)p(11)(00)

36  H{Hy/H{H? CiCh/C3CH 7(10/11)(00/00)  2P(11)(00)P(01)(00)

37 H{H;/H{Hi CiCi/CiCY nao/10)a1/11)  2PananPenan) + 2P0 anPen

38 H11 H&/Hng 011 011/01203 T(10/10)(11/10) 219(11)(11)19(00)(10) + 2]?(10)(11)]?(01)(10)
+2pana0)Poo)11) + 2P(10)(10)P(01)(11)

39 H/Hj/H{Hi C{C{/C53CE T(10/10)(11/00)  2P(11)(10)P(00)(10) + 2P(10)(10)P(01)(10)

40 H11 H&/Hng C11 05/012012 7(10/10)(10/11) 2p(n)(n)p(oo)(m) + 210(10)(11)]9(01)(01)
+2p(11)(01)P(00)(11) T 2P(10)(01)P(01)(11)

J Comput Sci Syst Biol Volume 2(1): 024-043 (2009) - 032

ISSN:0974-7230 JCSB, an open access journal



Journal of Computer Science & Systems Biology - Open Access
JCSB/Vol.2 January-February 2009

Research Article

41 H{H;/H{H; C{Cj/CiC} M(10/10)(10/10)  2P(11)(11)P(00)(00) T 2P(11)(10)P(00)(01)
+2p(10)(10)P(01)(01) F 2P(10)(10)P(01) (01)
+2p01)(11)P(10)(00) T 2P(01)(10)P(10)(01)
+2p(00)(10)p(11)(01) + 2]7(00)(10)]7(11)(01)

42 H11 H&/Hng 011 05/0305 7(10/10)(10,/00) 2]9(11)(10)]9(00)(00) + 2p(10)(10)p(01)(00)
+2p(oo)(10)p(11)(00) + 219(01)(10)2?(10)(00)

43 H11 H&/H%Hg C& C&/C%C% T(10/10)(00/11) 219(11)(01)19(00)(01) + 2p(10)(01)p(01)(01)

44  HlHj/H{H; C}iCj/CiCH T(10/10)(00/10)  2P(11)(01)P(00)(00) T 2P(11)(00)P(00)(01)
+2p(10)(01)p(01)(00) + 2]?(10)(00)17(01)(01)

45 HllHé/Hng 0505/0303 7(10/10)(00,/00) 2]0(11)(00)]0(00)(00) + 210(10)(00)10(01)(00)

46 H{H;/HgH; C{Cy/C;CE N(10/00)(11/11)  2P(10)(11)P(00)(11)

47 H%HS/HgHg 011011/01208 7(10/00)(11/10) 2p(10)(11)p(00)(10) + 2p(00)(11)p(10)(10)

48 HllHé/HgHg C11 C}/C’g()’g 7(10/00)(11,/00) 2]0(10)(10)]0(00)(10)

49 H{Hy/HiH; CiCy/CCY (10/00)(10/11)  2P(10)(11)P(00)(01) + 2P(00)(11)P(10)(01)

50 H{Hj/H{H; C{C}/C;C§ 7(10/00)(10/10)  2P(10)(11)P(00)(00) T 2P(10)(10)P(00)(01)
+2P(00)(11)P(10)(00) + 2P(10)(10)P(00)(01)

51 H{Hs/HiH§ CiCy/CiCE (10/00)(10/00)  2P(10)(10)P(00)(00) F 2P(10)(00)P(00) (10)

52 Hi{Hy/HiH§ CyCy/CiCY (10/00)(00/11)  2P(10)(01)P(00)(01)

53 HiHy/HiHG  CoCh/CiCY n(10/00)(00/10)  2P(10)(01)P(00)(00) T 2P(10)(00)P(00)(01)

o4 Hll H&/H(?Hg C& C&/C’g()’g 7(10/00)(00,/00) 2]0(10)(00)]0(00)(00)

55 HYHL/HEH? CICHCHCE  moopmmuny Pu

006 H(%H(%/H%H% 011011/01208 N(00/11)(11/10) 2]7(01)(11)]9(01)(10)

57  HyHy/HYH? CiCl/CiCE M00/11)(11/00)  Plon)(10)

58 HyHy/HYH? CiCh/CCY n(o0/11)(10/11)  2PO1)(A1HP(O1)(01)

59 HgHy/H{H? C{Cj/CCq N(00/11)(10/10)  2P(01)(1)P(01)(00) + P(01)(10)P(01)(01)
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60
61
62
63
64
65
66
67
68

69
70
71
72
73
74
75
76
7
78
79
80
81

Hg Ho /HY HY
Hy Ho /HY HY
Hy Hy /HY HY
Hy Ho /HY HY
Hq Ho /HY H
Hy Ho /HY H
Ho Ho /HYHg
Hy Ho /HY H
Hq Ho /HY H

Hy Ho /HY H
Hg Ho /HY H
Hy Ho /HY H
Ho Ho /HYHg
Hy Ho / H§ H
Hg Ho [ H§ H
Hy Hy [ H3 H
Hy Ho / H§ H
Hy Ho / H§ H
Hy Ho / H§ H
Ho Ho / Hi Hg
Hy Ho / H§ H
Hq Ho / H3 H

CiCo/C5CS
CoCo/CRCY
CoCo/CRCT
CoCo/C3Co
Cicy/Cret
CiC1/CRCE
eheiyieien
CiCo/CRCY
CiCo/CRCS

CiCo/CiCo
CoCo/CRCY
CoCo/CRCT
CoCo/C3Cs
cicy/crcy
CiC1/CRCS
CiC1/CiCs
CiCq/CRCY
CiCo/CRCG
CiCo/C3CE
CoCo/CiCt
CoCo/CYCG
CoCo/C3CT

M(00/11)(10/00)
M(00/11)(00/11)
1(00/11)(00/10)
M(00/11)(00/00)
N(00/10)(11/11)
1(00/10)(11/10)
7(00/10)(11/00)
M(00/10)(10/11)

1(00/10)(10/10)

1(00/10)(10,/00)
M(00/10)(00/11)
1(00,/10)(00/10)
7(00,/10)(00,/00)
M(00/00)(11/11)
1(00/00)(11/10)
1(00,/00)(11,/00)
1(00/00)(10/11)
1(00,/00)(10/10)
1(00,/00)(10,/00)
7(00,/00)(00/11)
1(00,/00)(00/10)

1(00,00)(00,/00)

2p(01)(10)P(01)(00)

Ployy o)

210(01)(01)10(01)(00)

Ploy)(oo)

210(01)(11)10(00)(11)

2D(01)(11)P(00)(10) T 2P(00)(11)P(01)(10)
2p(01)(10)p(00)(10)

2D(01)(11)P(00)(01) T 2P(00)(11)P(01)(01)
210(01)(11)10(00)(00) + 210(01)(10)10(00)(01)
+2p(00)(11)P(01)(00) T 2P(00)(10)P(01)(01)
2D(01)(10)P(00)(00) + 2D(01)(00)P(00)(10)
210(01)(01)10(00)(01)

2P((n)(m)}?(oo)(oo) + 2]0(01)(00)]0(00)(01)
210(01)(00)10(00)(00)

Plooyay)

2P(00)(11)P(00)(10)

Plooy10)

2p(00)(11)P(11)(01)

2D(00)(11)P(00)(00) T 2P(00)(10)P(00)(01)
217(00)(10)19(00)(00)

Plooyon)

210(00)(01)10(01)(00)

Pfoo)(00)

Table 3: Observed 81 joint host-cancer SNP genotypes and their frequencies described in terms of their haplotype/ diplotype

compositions.
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we assume H % H 12 from the host genome and 011 012 from the cancer genome as two risk haplotypes. This leads to nine

different across-genome composite diplotypes. A mixture-based likelihood for quantitative genetic parameters (Qq) is formu-

lated as
log L(Q,]y, H,C, Q) =
T(11/11)(11/11) M(11/11)(e) M(11/11)(ee)
Z log faass(Yi) + Z log faaps(yi) + Z log faaps(yi)
i=1 i=1 i=1
M(11/11)(10/10)
+ Z loglwe faaps(yi) + (1 —we) faass(vi)]
i=1
(e)(11/11) (o) (o) (o) (o0)
+ Z log faiB(Yi) Z log faip5(Yi) Z log fai55(Yi)
=1 =1
"(e)(10/10)
+ > loglwe faips(Wi) + (1 —we) faiss(vi)]
i=1
M(e0)(11/11) " (e0)(e) " (e0)(e0)
+ Z log faipB(Yi) Z log faip5(Y:) Z log fa11p5(Y:)
n(co)(lO/lO) (]‘7)
+ Y loglwefaass() + (1 — we) faass(v)]
i=1
T(10/10)(11/11)
+ Z loglwn faapp(yi) + (1 —wn) faip5(Y:)]
i=1
1(10/10)(s)
+ Z loglwn faips(yi) + (1 —wn) fai85(Y:)]
i=1
1(10/10)(ee)
+ > loglwnfaxss(yi) + (1 —wn)fiass(v:)
i=1
M(10/10)(10/10)
(10/10)(10/10 10/10)(10/10
+ Z log[w AAng)( / )fAABB(yz') + WI(L;A%B)( / )fAABB(yi>
i=1
10/10)(10/10 10 10 (10/10
+ W IDCOND s (ys) + WSO £ ()],
where
N(11/11)(e) = T(11/11)(11/10) T T(11/11)(10/11)5
N(11/11)(ee) = TU(11/11)(11/00) T T(11/11)(10/00) T 1(11/11)(00/11) T T¥(11/11)(00/10) T+ T¥(11/11)(00/00);
N(e)(11/11) = T(11/10)(11/11) T T(10/11)(11/11)s
N(ee)(11/11) = T(11/00)(11/11) T T(10/00)(11/11) T T(00/11)(11/11) T+ T(00/10)(11/11) T T2(00/00)(11/11)>
T (e)(e) = N(11/10)(11/10) T T(11/10)(10/11) T T(10/11)(11/10) T T(10/11)(10/11)5
T(e)(oe) = M(11/10)(11/00) T T(11/10)(10/00) T T(11/10)(00/11) T T¥(11/10)(00/10) T T¥(11/10)(00/00)
+1(10/11)(11/00) T T (10/11)(10/00) T T(10/11)(00/11) T T(10/11)(00/10) T T2(10/11)(00/00)>
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T (ee)(e) = M(11/00)(11/10) T 7(10/00)(11/10) T T(00/11)(11/10) T 72(00/10)(11/10) T 72(00/00)(11/10)
+1(11/00)(10/11) T+ T(10/00)(10/11) T+ T2(00/11)(10/11) T+ 72(00/10)(10/11) + T2(00/00)(10/11)>
N (o) (os) = M(11/00)(11/00) T 7(11/00)(10/00) T T(11/00)(00/11) T T(11/00)(00/10) T T(11/00)(00,/00)

+1(10/00)(11/00) + 7(10/00)(10/00)  7(10/00)(00/11)  7(10/00)(00/10) + 7(10/00)(00/00
+"1(00/11)(11/00) + 7 (00/11)(10/00) + T(00/11)(00/11) + 7(00/11)(00/10) + 7(00/11)(00/00
+1(00/10)(11/00) T 72(00/10)(10/00) T+ T(00/10)(00/11) T T2(00/10)(00,/10

+12(00/00)(11,/00) T+ 7(00,00)(10/00) T 72(00/00)(00/11) + 72(00/00)(00/10) T T2(00/00)(00,/00

N(e)(10/10) = TY(11/10)(10/10) T T(10/11)(10/10)5

S
—~ =~ o~ =

[
e O
= =
s 2
~ —~
= e
o —
=

I

WH = Piithy k k Z Zp(k k2)((112)
PYDS + pRopty T i )
~C »~C
P11Poo
we = —&a ~C AC z l Pkik2)((1112)
pﬁpoc()+p%p(()31 1l2 ];0];0 1k2)((l1l2)
(10/10)(10/10) ~ Pana1)P(00)(00) + P(11)(00)P(00)(11)
WAABB - )
Dy
(10/10)(10/10) _ P(11)(10)P(00)(01) T P(11)(01)P(00)(10)
WAABB = P ’
©
(10/10)(10/10) __ P(10)(11)P(01)(00) T P(01)(11)P(10)(00)
AABB - )
Dy
(10/10)(10/10) __ P(10)(10)P(01)(01) T P(10)(01)P(01)(10)
WAABB = D, -

n11/00

(
1(10/10)(11/10) T 72(10/10)(10/11);
(
1(10/10)(ee) = 7T(10/10)(11/00) + 72(10/10)(10/00) T T(10/10)(00/11) T+

N2 N

) )(
)y T+ 1(00/10)(00/00
) )(

Y

) )
)(10/10) + 1(10/00)(10/10) T 72(00/11)(10/10) T 7(00/10)(10/10) F 72(00/00)(10/10);
)( )

10(10/10)(00/10) T 7(10/10)(00,/00) 5

In likelihood (17), we model f....(y) by a normal distribution with diplotype-specific mean /... and variance ¢>. The EM
algorithm is implemented to estimate these means and variance that maximize the likelihood. In the E step, we calculate the
posterior probability of a particular diplotype within a genotype for SNPs across the genomes using

C L wefaass(Yi)
(11/11)(10/10)i wefaapp(Wi) + (1 —we)faass(vi)
©C | _ wefaips(Yi)
(#)(10/10): wefaappi) + (1 —we)faaps(vi)
o o wef1aps(Yi)
(99)(10/10)i wefiaps(i) + (1 —we) faizs(y:)
o _ wrfaiBs(Yi)
(10/10)(11/11)¢ wifaipp(i) + (1 —wn)f1is5Yi)
oH _ wr faips(Yi)
(10/10)(e)i wafaappWi) + (1 —wn)faaps(vi)
o o wi faizs(Y:) (18)
(10/10)(ee)i wifaips(i) + (1 —wn)f1i55 i)
©AABE _ Sﬂg}g (10/10) faass(Yi)
(10/10)(10/10)i A,
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(10/10)(10/10) o
DAABB _ Waips  J1aaBs(Yi)
(10/10)(10/10)i — A,
(10/10)(10,/10)
AABE _ Yiips fiips(Yi)
(10/10)(10/10)i A
(10/10)(10/10) o
AABD _ YWiiBp faape(yi)
(10/10)(10/10)i A,

with A; = 10/10)(10/10)fAABB(yi>+w(19/‘19)(10/10)f 155y +w (10/10)( 10/10)fAABB(yz‘)+ (10/10)(10/10)

AABB AABB AABB WAABB

faas (i)

In the M step, the quantitative genetic parameters are estimated by

M(11/11)(11/11)
Yi
i=1
HAABB = ——————————————
M(11/11)(11/11)
M(11/11)(e) M(11/11/)(10/10)
Cc
S wi+ > ®[1/11)(10/10)i Y4
o i=1 i=1
HAABB — M(11/11/)(10/10)
c
n(11/11)(e) + > ®[1/11)(10/10)i
i=1
M(11/11)(ee) M(11/11/)(10/10)
c
Yi + > (I =71 /11)(10/10)0)¥i
- i=1 i=1
HAABB — M(11/11/)(10/10)
c
n(11/11)(e) T Z (1 =231 /11)(10/10)8)
i=1
M(e)(11/11) M(10/10/)(11/11)
H
Yi + Z @ 10/10)(11/11)i Vi
B o i=1 i=1
HaiBp = 7(10/10/)(11/11)
H
N(ey(11/11) T > ®(10/10)(11/11)i)
i=1
N(e)(e) (®)n(10/10/)
H
Dovit Y. P00
HaABB = = —
(e )(10/10/)
N(e)(e) T Lz ‘bg)(lo/lo)z
M (e)(0e) " (e)(10/10/) (10/10)(ee) ™(10/10/)(10/10) AABE
H H BB
Doowit Y (=®haono¥it D Plojioyes)i¥i T > ®{10/10)(10/10)i¥%
- i=1 i=1 i=1 i=1
HAABB — ) M(10/10)(ee) "(10/10/)(10/10)
(o "(10/10/) H AABB
T(e)(e0) T 25 1= a010) ++ D (1=2{o/10)(ee)i) T > ®{10/10)(10/10)i
i=1 i=1
T (ee)(11/11) M(10/10/)(11/11) H
Lix _ izt Yi+ 2o (174)(10/10)(11/11)1')%
AABB - n(10/1o/)(11/11) H
Nee)(11/11) T 2 4= (1= ®00/10)11/11)1)
T(ee)(e) T (ee)(10/10/) T(10/10)(e) 7(10/10)(10/10) o
] H
vit Y ®Qowonovit Y. O-®opgedvit Y. {000
- i=1 i=1 i=1 i=1
HaiBB = T(ee)(10/10/) 7.(10/10)(e) 7(10/10)(10/10)
c H AABB
N(ee)(e) T Z ‘D(--)(lo/lo)i + Z 1- q>(10/10)(-)i) + Z ‘D(lo/lo)(lo/lo)i
=1 =1 =1
T (ee)(ee) T (ee)(10/10/) ™(10/10)(ee) ™(10/10/)(10/10)
AA
dSoowi+ Y (= aopnnvit Y (1= B0 10y ee))¥i + > ®(10/109(10/10)i¥i
S i=1 i=1 i=1 i=1
HAABB = " (e0)(10/10/) (10/10)(ee) ™(10/10/)(10/10)
H H AABB
Neoen + Y (1=hgaonn) + 2 L=2H 1000 + > ®10/10)(10/10)i
i=1 i=1 i=1
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T(11/11)(11/11) M(11/11)(e) (11/11)(ee)
o = Z (yi — paass)” + Z (yi — panps)’ + Z (Y — 1aa55)?
i=1 i=1 i=1
M(11/11)(10/10)
+ Z [Cbgl/n)(m/m)z‘(% - MAABB) +(1— q)(11/11)(10/10) )yi — MAABB)Q]
i=1
M(e)(11/11) T(e)(e) T(e)(ee)
+ Z — padpp)’ + Z — paaps)’ + Z (yi — paass)”
i=1
n(.)(lo/lo
+ Z )(10/10)i (yi — HAABB)2 +(1— CI)8)(10/10)z‘)(yz‘ - NAABB)Q]
n(cc )(11/11) T (ee)(e) N (ee)(we)
+ Z —paiss)’ + > Wi—paisn)’+ Y. (Wi —piiss)’
i=1 i=1
n(cc)(lO/lO)
+ Z [q)(c..)(lo/lo)z‘(yz‘ - MAABB)2 +(1— q)(c:.)(lo/lo)i)(yi - /MABB)2]
i=1
M(10/10)(11/11)
+ Z [‘I)(10/10)(11/11) (yi — MAABB)2 +(1- @50/1())(11/11)@)(% - MAABB)2]

i=1
(10/10)(s)
+ Z 10/10)(.)@ (i — paipp)’ + (1 —
n(lO/lO)(-o)
+ Z 10/10 o) (yz‘ — paips)’ + (1 -

"(10/10)(10/10)

+ Z [‘I)Afg/Blg )(10/10)i (yi
i=1
+ q)ééﬁg)(m/m)i(yi

— paipp)’ + @

®L0/10)(0)i) (Wi — Hains)’]

s 10/10)(..))(% - MAABB)Q]

égﬁ]g )(10/10)i (yi — NAABB)Z

AABB

— paips)’ + q)(10/10)(10/1o)i(3/i — piiss)’l;

(19)

A loop of the E and M steps is formulated between equations (18) and (19) to obtain the MLEs of the genotypic values and

variance.

For a practical data set, risk haplotypes are unknown. A
combinatory approach is used to detect an optimal combi-
nation of risk haplotypes derived from the host and cancer
genomes. This can be chosen from all 16 possible combina-
tions. The combination that gives the largest likelihood is
considered as the best risk-haplotype combination. Under
such an optimal combination, we estimate genotypic values
of the composite diplotypes including jtaasg paass, HAABB,
MAABB, MAABB, MAABB, |LIABB, MAABB, and MAABB. From the
estimated /... values, we can then solve the additive, domi-
nance, and epistatic effects between haplotypes from the

two genomes using a system of equations (13).
Hypothesis Tests

It is imperative to know how different SNPs are associ-
ated within and between the host and cancer genomes and
how haplotypes trigger cancer susceptibility singly or
epistatically across different genomes. Two kinds of major
hypotheses can be made to address these questions.

Linkage Disequilibrium Tests: The association between
different SNPs within each genome and between two dif-
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ferent genomes by testing their linkage disequilibria (LD). For example, the LD between four SNPs from the two genomes
as shown in Table 1 can be tested using the two hypotheses as follows:

Hy:  Dwm, = Dc,c, = Du,c, = Dn,c, = Dn,c, = Du,c, = Du,n.c,
= DH1H202 = DH10102 = DH2CIC2 = DH1H2C1C2 =0 (20)
H,:  Atleast one of the LD above is not equal to zero.

The log-likelihood ratio test statistic for the significance of LD is calculated by comparing the likelihood values under the H,
(full model) and H  (reduced model) using

LRp = —2[log L(py}, pis, b1y by LD = 0/H, C) — log L(2,|H, C)] (21)

where pﬂ, ﬁkHQ, ﬁl(f, and ﬁg are the MLE:s of allele frequencies at four SNPs from the two genomes. The LR calcu-

lated under the H,and H, hypotheses is considered to asymptotically follow a y*distribution with the degrees of freedom (11)
equal to the differences in the number of unknown parameters between the alternative and null hypotheses.

It is also interesting to test whether the linkage disequilibria of a different particular order are significant. This can be done
by formulating the null hypotheses:

Hy: Dun, = Dc,c, = Du,c, = Du,c, = Dn,c, = Du,c, =0 (22)
H, : At least one of the LD above is not equal to zero,

for the digenic LD,
Hy:  Dwmn,c, = Duyn.c, = Du,c,c, = Du,c,c, =0 -
H,: At least one of the LD above is not equal to zero, (23)

for the trigenic LD, and

(24)

Hy:  Dun,cic, =0
Hl : DH1H20102 7£ 07

for the quadrigenic LD.

Each LD can also be tested separately. Under the null hypothesis of no LD, haplotype frequencies are estimated with the
same EM algorithm derived to estimate the frequency parameters under the alternative hypothesis, except for the constraint
posed on the relationships of haplotype frequencies under the null hypothesis. Depending on which type of LD is tested, these
constraints can be obtained from equations (1)—-(11), respectively.

Genome-Genome Epistasis Tests: The significance of an assumed risk haplotype for its effect on cancer susceptibility
should be tested by formulating the following hypotheses, expressed as

Hy : HAABB = HAABB = HAABB — MAABB = HAABB
= WAABB = MAiBB = MAABB = HAABB = I (25)

H,: Atleast one equality in H, does not hold
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The log-likelihood ratio test statistic (LR ) under these two
hypotheses can be similarly calculated. The LR, may as-
ymptotically follow a x> distribution with eight degrees of
freedom. However, the approximation of a y? distribution
may be inappropriate when some regularity conditions, such
as normality and uncorrelated residuals, are violated. The
permutation test approach (Churchill and Doerge 1994),
which does not rely upon the distribution of the LR, may
be used to determine the critical threshold for determining
the existence of risk haplotypes.

Different genetic effects, such as the additive, dominance,
and additive x additive, additive x dominance, dominance x
additive, and dominance x dominance effects between
haplotypes from the host and cancer genomes can also be
tested individually, with respective null hypotheses formu-
lated as

The parameter estimation under each of these null hypoth-
eses can be obtained using the same EM algorithm as de-
scribed for the alternative hypothesis (full model) of equa-
tion (25), with a constraint derived from a system of equa-
tions (13). The critical thresholds for these individual ef-
fects (26)—(33) can be determined on the basis of simula-
tion studies.

Computer Simulation

The statistical behavior of the model proposed for cancer
gene identification is investigated through simulation stud-
ies. We simulate a HWE population of cancer individuals in
which a set of SNPs from the host genome are associated
with a different set of SNPs from the cancer genome. The
haplotypes of these SNPs within and across the genomes
trigger main and interaction effects on the susceptibility of
a cancer. The allele frequencies of two of the SNPs from
each genome and their linkage disequilibria of different or-

H,:a,=0, (26) ) ) )
ders are given in Table 4. Four sample sizes from modest
Hy:a.=0, @7 (200) to intermediate (400) to large (800) to very large (2000)
H,:d, =0, (28) are considered. These population genetic parameters that
specify the distribution and diversity of haplotypes can be

Hy:d. =0, (29) well estimated with the model. A modest sample size is ad-
H :i =0, (30) equate for estimating allele frequencies and digenic linkage
Hy i, =0, 31) diseq.uilibria.. An intermeFliate to lgrge s.a.mple size is.needed

“ to estimate higher-order linkage disequilibria. Especially, to
Hj:i, =0, (32) precisely estimate quadrigenic linkage disequilibrium, a
H,:i, =0, (33) sample of 2000 is recommended (Table 4).

MLE

Parameters  True 200 400 800 2000

p}c{l 0.6 0.6004(0.0023) 0.6019(0.0017) 0.5995(0.0012) 0.5993(0.0007)

pg 0.5 0.5018(0.0025) 0.4987(0.0018) 0.4980(0.0013) 0.5003(0.0008)

plcf 0.5 0.4981(0.0023) 0.5018(0.0018) 0.5017(0.0014) 0.5005(0.0007)

pg 0.4  0.3976(0.0024) 0.4033(0.0015) 0.3991(0.0015) 0.3998(0.0008)

Dy, n, 0.08 0.0778(0.0014) 0.0790(0.0010) 0.0797(0.0007) 0.0796(0.0005)

D¢, c, 0.08 0.0785(0.0016) 0.0809(0.0009) 0.0799(0.0007) 0.0808(0.0005)

Dy, c, 0.05 0.0504(0.0017) 0.0516(0.0012) 0.0494(0.0007) 0.0498(0.0005)

Dy, c, 0.05 0.0482(0.0016) 0.0499(0.0009) 0.0493(0.0008) 0.0499(0.0004)

Dy, c, 0.05 0.0468(0.0016) 0.0506(0.0010) 0.0505(0.0008) 0.0501(0.0005)

Dy, c, 0.05 0.0489(0.0017) 0.0493(0.0010) 0.0495(0.0009) 0.0496(0.0005)

Dy ¢, 0.02 0.0193(0.0009) 0.0197(0.0006) 0.0195(0.0005) 0.0198(0.0003)

Dy, 1,0, 0.02 0.0194(0.0010) 0.0215(0.0006) 0.0206(0.0004) 0.0199(0.0003)

Du,c,c, 0.02  0.0202(0.0009) 0.0201(0.0007) 0.0201(0.0004) 0.0206(0.0003)

Dy,c,c, 0.02 0.0198(0.0009) 0.0195(0.0007) 0.0198(0.0004) 0.0200(0.0003)

Dy,n,c,0, 0.01  0.0098(0.0006) 0.0094(0.0004) 0.0096(0.0003) 0.0102(0.0001)

Table 4: The MLEs of population genetic parameters for two host SNPs and two cancer SNPs and the standard deviations
of the estimates (in parantheses) in a simulated cancer population of varying sampling sizes. The results were obtained from

200 simulation replicates.
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For the assumed population in which multiple SNPs are
typed, a quantitative trait that describes cancer susceptibil-
ity was simulated, following a normal distribution with means
depending on composite diplotypes of SNPs and a residual
variance. The genotypic values of composite diplotype are
determined by assuming specific values for the additive,
dominance and epistatic effects of haplotypes on the can-
cer trait. Composite diplotypes are formed by assuming two

risk haplotypes for the SNPs, one from the host genome
(H}H?) and the second from the cancer genome (C} C?).
The genotypic values of a total of 16 composite diplotypes,
along with their probabilities calculated from haplotype fre-
quencies, are used to compute the genetic variance. The
residual variance is then determined by assuming different
heritability levels (0.1 and 0.4).

Cancer
Host clLee ciez cice cice
HlH? —561.96 —568.55 —571.42 —562.05
H{H}? —564.33 —574.81 —577.29 —570.54
H}H? —564.82 —576.77 —579.90 —573.42
H}H? —563.40 —577.65 —578.03 —564.63

Table 5: Log-likelihood values for different combinations of risk haplotypes from the host and cancer genomes in a simu-

lated cancer population of 200 subjects with a heritability of 0.1.

Table 5 gives the log-likelihoods of population and quanti-
tative genetic parameters by assuming different combina-
tions of risk haplotypes from the host and cancer genomes
for simulation data with sample size 200 and heritability 0.1.
It can be seen that risk haplotype combination (] LH3)

(C1C%) corresponds to the maximum likelihood among all
possible combinations, suggesting that the model has cor-
rectly selected risk haplotypes. It appears that the power to
correctly select the optimal combination of risk haplotypes
is very high, even when a modest sample size and/or herita-
bility is assumed (data not shown). The model provides rea-

sonable estimates of quantitative genetic parameters (Table
6). The estimation precision of parameters increases with
sample size and heritability. For the additive genetic effects,
a modest sample size (200) is quite enough even when the
heritability is low (0.1). The good estimation of dominance
genetic effects needs an intermediately large sample size
(400 or more) for a small heritability. Epistasis, especially
the dominance x dominance interaction, can be reasonably
estimated when a large sample size (2000) is used. This is
especially true for a small heritability.

MLE

Parameters True 200 400 800 2000
H?=0.1

aH 1.0 1.04(0.0799) 0.98(0.0509) 0.98(0.0198) 0.97(0.0079)
ac 0.8 0.76(0.0750) 0.73(0.0504) 0.82(0.0186) 0.81(0.0074)
dy 0.5 0.48(0.1017) 0.50(0.0641) 0.39(0.0231) 0.53(0.0098)
dc 0.8 0.92(0.1043) 0.95(0.0601) 0.73(0.0260) 0.77(0.0097)
laa 0.6 0.64(0.0827) 0.54(0.0532) 0.59(0.0195) 0.60(0.0086)
lad 0.5 0.55(0.0981) 0.38(0.0585) 0.54(0.0252) 0.58(0.0106)
lda 0.5 0.66(0.0913) 0.47(0.0638) 0.41(0.0246) 0.51(0.0099)
Tdd 0.4 0.46(0.1356) 0.32(0.0815) 0.56(0.0338) 0.39(0.0123)
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H? =04

an 1.0 0.93(0.0354)
ac 0.8  0.83(0.0366)
iy 0.5  0.29(0.0508)
dc 0.8  0.70(0.0425)
ina 0.6 0.48(0.0390)
id 0.5  0.60(0.0430)
ida 0.5  0.45(0.0439)
iaa 04  0.61(0.0501)

1.03(0.0213)  1.00(0.0075)  1.01(0.0032)
0.79(0.0205)  0.79(0.0083)  0.80(0.0036)
0.48(0.0224)  0.49(0.0110)  0.48(0.0041)
0.81(0.0235)  0.79(0.0102)  0.76(0.0044)
0.62(0.0203)  0.60(0.0083)  0.59(0.0032)
0.46(0.0249)  0.50(0.0091)  0.50(0.0039)
0.53(0.0256)  0.49(0.0109)  0.49(0.0040)
0.42(0.0281)  0.43(0.0128)  0.44(0.0053)

Table 6: The MLEs of quantitative genetic parameters of haplotypes for SNPs typed from the host and cancer genomes
and the standard deviations of the estimates (in parantheses) in a simulated cancer population of varying sampling sizes and
heritabilities. The results were obtained from 200 simulation replicates.

Discussion

Despite painstaking cumulative efforts to fight against
cancer by researchers worldwide in the past five decades,
we have still not achieved substantial progress in diagnosis,
prevention and treatment of this disease. The latest research,
however, has found a possibility to treat, control and pre-
vent cancer by using gene therapy. The successful use of
this technique relies on our profound understanding of the
genetic architecture of cancer susceptibility and progres-
sion. When tremendous progress in genotyping and sequenc-
ing the human genome and cancer genome has taken place,
we are now in a great position to study the genetic control
mechanism of cancer. In this article, we have developed a
statistical model for characterizing DNA sequence variants
that encode cancer susceptibility.

The novelty of the model lies in three aspects. First, we
incorporate the latest discovery of cancer genetics into the
model that gene mutation cause cancer (Jallepalli and
Lengauer, 2001; Stock and Bialy, 2002; Balman et al., 2003;
Greenman et al., 2007). The model is not only able to char-
acterize how gene mutation in the cancer genome acts to
regulate cancer, but also can detect the genetic interactions
between the host genes and cancer mutation. The model
allows the test of haplotype distribution and diversity in the
cancer population and patterns of genetic actions and inter-
actions. Second, the model is integrated with multilocus SNP
data, detecting cancer genes at the DNA sequence level
(Liuetal., 2004; Wu and Lin, 2008). This will provide signifi-
cant insights into the genetic regulation mechanisms of can-
cer and cloning of cancer genes. Third, the model was built
on the interactions of genes between different genomes.
Modeling genome-genome interactions has received an in-
creasing interest in studying the genetic architecture of seed
development (Cui and Wu, 2006) and pathogenesis (Foster

et al., 2003; Wang et al., 2005).

The model was investigated in terms of its statistical be-
havior through simulation studies. Different schemes of
simulation that consider varying sample sizes and heritabili-
ties were used. The estimation precision of parameters and
the power to detect genetic variants for cancer was ex-
plored under different schemes. The results from simula-
tion provide scientific support for the model to be used for
cancer gene identification in practical data sets. Although
we did not include real data to validate our model, the statis-
tical design and algorithm proposed in this work will help
cancer geneticists and clinicians launch a novel experiment
to test hypotheses about the genetic control of cancer.

This article presents a framework for haplotyping cancer
genes, and its extension to including genes x environment
interactions, haplotyping in a case-control study, genetic
imprinting, and an arbitrary number of SNPs will be pos-
sible. As an inherited disease, genetic research of cancer is
beneficial from an informative family-structured design in
which one or both of the parents and offspring are sampled
simultaneously. The general principle of haplotyping ge-
nome-genome interactions can be used for such a family
design, facilitating our understanding of cancer genetics. Also,
cancer can be better viewed as a dynamic trait which un-
dergoes marked developmental transition. Functional map-
ping advocated by our group (Ma et al., 2002; Liu et al.,
2005; Wu and Lin, 2006) can be implemented into the
haplotyping model to explore the developmental change of
genetic control of cancer in time course. In this article, we
focus on the “gene-mutation hypothesis” of cancer forma-
tion when the epistatic model was derived. Other hypoth-
eses, such as “aneuploidy hypothesis of cancer” (Stock and
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Bialy, 2002), should also be integrated into the model, to bet-
ter understand the genetic mechanisms of cancer forma-
tion and progression. The model that incorporate the aneu-
ploidy control of cancer will be reported in other articles.

The preparation of this manuscript is partially supported
by Joint NSF/NIH grant DMS/NIGMS-0540745.
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