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ABSTRACT 
The main purposes of this thesis were to analyse common genetic variation in candidate 
genes and candidate pathways in relation to breast cancer risk, prognosticators and 
survival, to develop statistical methods for genetic association analysis for evaluating 
the joint importance of genes, and to investigate the potential impact of adding genetic 
information to clinical risk factors for projecting individualised risk of developing 
breast cancer over specific time periods. 
 
In Paper I we studied genetic variation in the estrogen receptor α and epidermal growth 
factor genes in relation to breast cancer risk and survival. We located a region in the 
estrogen receptor α gene which showed a moderate signal for association with breast 
cancer risk but were unable to link common variation in the epidermal growth factor 
gene with breast cancer aetiology or prognosis.  
 
In Paper II we investigated whether suspected breast cancer risk SNPs within genes 
involved in androgen-to-estrogen conversion are associated with breast cancer 
prognosticators grade, lymph node status and tumour size. The strongest association 
was observed for a marker within the CYP19A1 gene with histological grade. We also 
found evidence that a second marker from the same gene is associated with histological 
grade and tumour size.  
 
In Paper III we developed a novel test of association which incorporates multivariate 
measures of categorical and continuous heterogeneity. In this work we described both a 
single-SNP and a global multi-SNP test and used simulated data to demonstrate the 
power of the tests when genetic effects differ across disease subtypes.  
 
In Paper IV we assessed the extent to which recently associated genetic risk variants 
improve breast cancer risk-assessment models. We investigated empirically the 
performance of eighteen breast cancer risk SNPs together with mammographic density 
and clinical risk factors in predicting absolute risk of breast cancer. We also examined 
the usefulness of various prediction models considered at a population level for a 
variety of individualised breast cancer screening approaches.  
 
The goal of a genetic association study is to establish statistical associations between 
genetic variants and disease states. Each variant linked to a disease can lead the way to 
a better understanding of the underlying biological mechanisms that govern the 
development of a disease. Increased knowledge of molecular variation provides the 
opportunity to stratify populations according to genetic makeup, which in turn has the 
potential to lead to improved disease prevention programs and improved patient care. 
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1. Introduction

Breast cancer is the most common cancer among women in Sweden. The disease con-
sumes signi�cant resources in the health care system and more importantly is often
lethal [1]. It is however important to keep in mind that breast cancer can be cured if
identi�ed and properly treated while still in its early stages. Breast cancer is not just
a woman's disease; although less frequent it is possible for men to develop the disease.
The focus of this thesis is however on breast cancer developed in women. In contrast
to the increasing incidence breast cancer mortality has decreased slightly over the
last decades which is believed to be mainly due to improved therapy, awareness and
intensi�ed screening [2]. The 5-year survival rate has been increasing over the last
several years and it has recently been estimated to be at a level of 86% in Sweden [3].

Breast cancer is now a common cancer in both developed and developing regions.
Statistics from GLOBOCAN [4, 5] estimated that in 2008 more than a million women
worldwide were diagnosed with breast cancer and that about a half million women
died from the disease. For Sweden, in 2008, approximately 6300 women were diag-
nosed with breast cancer and about 1500 died due to the disease indicating that on
average seventeen women are diagnosed with breast cancer and four women die from
breast cancer every day. Second to lung cancer, breast cancer is the leading cause of
death among Swedish women [3]. The incidence of breast cancer is highest among
postmenopausal women (Figure 1). This is the focus group of this thesis.

Both non-genetic and genetic factors are involved in the aetiology of breast cancer. Es-
tablished non-genetic factors include menstrual and reproductive history, body mass
index, alcohol intake, physical activity [6] and mammographic density [7]. The genetic
component of the disease is re�ected by a tendency for it to cluster in families. The
higher rate of breast cancer among monozygotic twins than among dizygotic twins or
siblings suggests that genetic variation accounts for some of the familial clustering [8].
Initially the intensive search for genetic factors predisposing risk for breast cancer led
to the identi�cation of mutations in the BRCA1 and BRCA2 genes through family-
based linkage studies. The contribution of these two genes accounts only for a small
proportion of the estimated 25% genetic component in breast cancer [9, 10]. The sub-
sequent limited success of genetic linkage studies to identify additional susceptibility
genes suggests that most familial clustering of cancer depends on a combination of
several lower penetrance alleles.

Association studies which compare genetic polymorphisms between unrelated indi-
viduals o�er a powerful approach to identify low-penetrance variants. Technological
advances during the last decade have allowed for hundreds of thousands of poly-
morphisms to be genotyped and assessed for association with disease, in so called
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Figure 1: Breast Cancer Incidence ("Incidens" in Swedish) and Mortality ("Mortalitet" in
Swedish) among women for the years 1975, 1996 and 2009. Source: Nordcan [3].

genome-wide association studies (GWAS). These studies have led to the mapping of
susceptibility loci for many diseases [11] including breast cancer [12]. Large sample
sizes have however been needed to detect and con�rm genetic variants that are as-
sociated with modest increases in risk. The Breast Cancer Association Consortium
(BCAC), which was established to conduct collaborative studies in breast cancer
detected several of the currently known common variants associated with breast can-
cer risk [13]. As well as increasing sample size other strategies have been proposed
for aiding the discovery of the, as of yet, unknown breast cancer variants. Moving
from evaluation of single genetic markers one at a time to consideration of markers
in genes with related biological function has been proposed as one strategy [14]. In
breast cancer and other diseases it has also been suggested that understanding pheno-
type heterogeneity may be useful for identifying disease predisposing genetic variants.
Breast cancer is a heterogeneous disease that comes in several clinical and histological
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forms [15]. It has been suggested, for example, that Estrogen Receptor (ER)-positive
and ER-negative breast cancers are biologically di�erent diseases [16].

One bene�t from identifying genetic markers of breast cancer is that they can be
used for building individualised prediction models to determine an individual risk.
Knowledge of risk at the individual level could potentially be used to target diag-
nostic, preventive and therapeutic interventions. The potential of common genetic
variants detected from genome-wide association studies to predict the risk of complex
disease, including breast cancer, has been investigated in several empirical studies.
More recent advances in developing new sequencing technologies may, in the future,
allow the identi�cation of rare susceptibility variants that harbour stronger e�ects
on disease susceptibility than the common variants that have been identi�ed through
GWAS studies.

In what follows we �rst provide as background a short description of the structure of
the human genome (Chapter 2). In Chapter 3 we describe the genetic architecture of
breast cancer and in Chapter 4 we introduce some key concepts of genetic association
studies as background to the four papers included in this thesis. Chapter 5 focuses
on multi-locus association and pathway association tests as background for papers
II and III. Chapter 6 introduces some statistical methodology which has been used
for constructing prediction models and for evaluating their performance. In Chap-
ter 7 we brie�y review the literature on breast cancer risk assessment/prediction as
background for paper IV. Chapter 8 describes the Swedish case-control study from
which data has been used in all studies described in this thesis work. The aims of
the thesis are described in Chapter 9. Chapter 10 includes summaries of the four
papers included in this thesis. Finally in a general discussion (Chapter 11) the main
results of this thesis are placed in perspective and discussed with respect to clinical
implications and future research.
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2. Background - The human genome

Inside the nucleus of each cell our inherited information is encoded in a molecule
called "DNA" (deoxyribonucleic acid). The DNA in our cells is divided over a num-
ber of chromosomes, each of them with a speci�c size and form. The normal human
genome is composed of 23 chromosomes, 22 autosomes (numbered 1-22) and one sex
chromosome (X or Y). Cells containing one copy of the genome are said to be hap-
loid, such as sperm or unfertilized egg cells. Fertilized egg cells and most body cells
derived from them contain two copies of the genome and are said to be diploid. The
46 chromosomes consist of nearly identical copies of the genome, where one copy is
inherited from the father and one copy inherited from the mother.

The structure of the DNA molecule is surprisingly simple, the double helix con-
sisting of two molecule strands, given the vast and complex array of proteins that a
cell needs to make. Strands of DNA are made up of four di�erent chemical building
blocks or bases referred to as nucleotides - Adenine, Cytosine, Guanine and Thymine.
These are the letters of the DNA code and abbreviated as A,C,G and T. In a DNA
double helix each type of nucleotide base on one strand normally interacts with just
one type of nucleotide base on the other strand. This is called complementary base
pairing, where every A is paired with a T and every C with a G. In more than 99%
of the positions on the DNA molecule the same basic nucleotide code is shared across
populations [17], leaving less than one percent of the genome to include numerous
genetic variations.

As a direct product of the Human Genome Project (HGP), to date millions of common
DNA variations have been identi�ed and are accessible in public databases [18, 19].
The most abundant source of genetic variation in the human genome is represented by
single nucleotide polymorphisms (SNPs), a small genetic change or variation, which
can occur within a person's DNA sequence. For a variation to be considered a SNP it
must occur in at least 1% of the population. SNPs make up about 90% of all human
genetic variation [20] and occur frequently along the 3-billion-base human genome.
SNP variation occurs when a single nucleotide, such as an A, replaces one of the other
three nucleotides - C, G, or T. The substitutions C-T and A-G outnumber other types
of substitutions [21]. It has been estimated that about eleven million SNPs with at
least one percent minor allele frequency exist in the genome [17]. This type of genetic
variation is focused on in the four papers contained in this thesis.

4



3. Breast Cancer Genetics

Complex or multifactorial diseases are de�ned as diseases that are caused by a com-
bination of genetic, environmental and lifestyle factors. For most such diseases the
majority of these factors have not yet been identi�ed [10, 22]. The vast majority of
diseases, including breast cancer, are indeed complex. In the past where individual
genetic variants were not able to be typed on a large scale the genetic contribution was
evaluated by estimating the increased risk of disease in relatives of a�ected probands.
Modelling allowed the genetic component of disease to be expressed as variance com-
ponents and heritability [23]. Breast cancer is known to aggregate in families. The
risk of breast cancer in �rst degree relatives of a�ected individuals is approximately
two fold greater than in the general population [24]. Twin studies suggest that the
majority of familial aggregation is due to inherited genetic susceptibility [25].

Figure 2: Genomic loci identi�ed for breast cancer. Adapted from [26].

Breast cancer susceptibility alleles are commonly classi�ed in three groups [27] with
di�erent levels of risk and prevalence in the population: rare high-penetrance alleles,
rare moderate penetrance alleles and common low-penetrance alleles; see Figure 2.
Signi�cant advances in understanding breast cancer susceptibility were made at the
end of the last century. Linkage analysis and positional cloning led to the identi�ca-

5



tion of the �rst major breast cancer gene BRCA1 on chromosome 17q followed by a
second gene BRCA2 located on chromosome 13q [10]. These two tumour-suppressor
genes were originally thought to serve as cell gatekeepers (i.e stopping cellular prolif-
eration), although evidence later emerged showing an additional role in DNA repair.
Tumour characteristics di�er between BRCA1- and BRCA2- associated breast can-
cers. BRCA1 cancers tend to be estrogen receptor negative, whilst the majority
of BRCA2 cancers tend to be estrogen receptor positive [28]. Mutations in these
genes confer high relative risks and are highly penetrant. Extensive e�orts to identify
highly penetrant BRCA-like susceptibility genes have subsequently been made and
some additional high penetrant mutations have been identi�ed by studying inherited
breast cancer. No high-penetrance genes with the same importance for susceptibility
to breast cancer have been identi�ed and this has led to the hypothesis that suscep-
tibility to common cancers is polygenic, i.e. it is due to a large number of variants
each conferring a small increase in risk.

Association studies, the key concepts of which are described in the next chapter,
o�er a powerful approach to identify low-penetrance variants. Early studies tested a
few SNPs in a few genes and could be classed as candidate SNP studies. As genotyping
costs fell due to technological advancements, candidate gene studies became possible
where a subset of SNPs known as tagging-SNPs/tagSNPs (which capture common
allelic variance within speci�ed genomic regions) are examined for association with
disease/phenotype. Paper I is a candidate gene study - genetic variation in two genes,
ESR1 and EGF, was examined for association with breast cancer risk and survival.
It has been estimated that more than 1000 candidate-gene studies seeking association
of loci with breast cancer incidence have been published in the past two decades [29].
Most candidate SNP and candidate gene studies have tested variants in genes located
in various pathways suspected to be important in breast cancer carcinogenesis. These
include genes involved in sex hormone synthesis, DNA repair genes, genes involved
in apoptosis and carcinogen metabolism [28]. As the cost of genotyping decreased
further it became possible for some researchers to study several genes of related bio-
logical function simultaneously in what became known as candidate pathway studies.
In a precursor to paper II we studied a collection of candidate genes that are linked
to the estrogen metabolic pathway (a candidate pathway study) and in paper II we
studied a selection of markers within these genes in connection with breast cancer
prognosticators. The majority of the common alleles that confer a small increase in
risk have been identi�ed via genome wide tagSNP association studies, the �rst of
which for breast cancer were published in 2007 [30, 31, 32, 33]. Many of the common
low risk variants in Figure 2 were identi�ed through international collaborations (e.g.
the Breast Cancer Association Consortium) by combining data from large numbers
of studies of unrelated individuals from many di�erent locations.
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4. Key concepts in Genetic Association Studies

Genetic association studies aim to characterize association between (multiple) genetic
polymorphisms, e.g SNPs, and a measured trait [34, 35]. The fundamental unit of
analysis is the genotype of a particular marker. In humans most SNPs are biallelic
indicating there are two alleles present (A or a; used to denote two of the nucleotides
from A,C,G,T) making the possible genotype values in the population to be AA,Aa
and aa. A persons genotype is homozygous if both alleles are the same and het-
erozygous if they are di�erent. A sequence of alleles from di�erent loci on the same
chromosome is called a haplotype. The goal of associations studies is to identify those
markers or SNPs that are associated with an increased susceptibility to a disease, and
therefore exhibit higher frequencies among a�ected individuals than among controls.

Figure 3: Types of association studies. Adapted from [36].

Many association studies have been based on the notion of testing for indirect associa-
tion which utilize the statistical association that often exists between polymorphisms
which are physically located close to each other. These studies (including studies I,
II, III in this thesis) assess the indirect association of typed markers (tagSNPs) with
the hope that they are strongly correlated with a causal locus; see Figure 3. The
choice of which SNPs to type and analyse depends on de�ned linkage disequilibrium
(LD) patterns among markers [37]. To determine which SNPs act well as tagSNPs,
markers that characterise genetic variation in genomic regions, requires that genetic
variation across the genome has already been described, which has in turn been the
main thrust of the international HapMap project [18], the 1000Genome project [38]
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and the UK10K project [39]. As background, in the next section we summarise some
important measures of dependence of alleles which are central to the design of genetic
association studies.

4.1 Linkage Disequilibrium

Linkage Disequilibrium (LD) refers to the non-independence of alleles at di�erent
sites [40, 41]. Particular alleles at neighbouring loci tend to be co-inherited and this
may lead to association/correlation between polymorphisms in the population [42].
Several statistics have been proposed to measure LD. Using the standard notation
for two adjacent loci A and B, with two alleles (A,a and B,b) at each locus, let the
observed frequency of the haplotype that consists of alleles A and B be represented
by pAB. Under the assumption of independent assortment of alleles at the two loci
the expected haplotype frequency is pApB, where pA is the frequency of allele A at
the �rst locus and pB is the frequency of allele B at the second locus. Central to most
LD calculations is the classical de�nition of the disequilibrium measure

D = pAB − pApB. (1)

It can been shown that haplotype probabilities can be expressed as functions of D
and the expected genotype probabilities [43]

pAB = pApB +D pAb = pApb −D
paB = papB −D pab = papb +D. (2)

The numerical value of D should capture information on the magnitude of the depar-
ture from independence but is not intuitively easily understood as D is a composite of
allele frequencies [42]. As a result several other measures have been proposed in the
literature, the two most common are D′ and r2. Both measures range from a mini-
mum value of 0 (equilibrium) to a maximum value of 1 (complete disequilibrium) [44].

The measure D′ normalizes the absolute value of D and is de�ned as

D′ =
|D|
Dmax

Dmax =

{
min(pApb, papB) if D ≥ 0

min(pApB, papb) if D < 0
(3)

which is always on the unit interval regardless of the magnitude of the allele frequen-
cies and approaches unity as the association between the loci increases.
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The measure r2 is simply the square of the correlation coe�cient for the two markers
and is a direct function of the allele frequencies and D. The correlation coe�cient
r ranges between -1 and +1 and measures the strength of linear dependence be-
tween A and B. The squared correlation coe�cient r2 ranges by de�nition in the
unit interval [41]. An r2 value of 1 corresponding to r = ±1 occurs if and only if
P (IA = a′ + b′IB) = 1 for some constants a′ and b′, where IA and IB are indicator
function for presence of alleles A and B.

In paper I, LD between typed loci is represented by plots of D′ and r2 values. The
loci that were chosen for typing in studies I to III are selected in stage one of a two-
staged genotyping design where LD was �rst characterized in speci�c regions based
on a subset of samples. Sets of tagSNPs were subsequently selected.

4.2 Hardy-Weinberg Equilibrium

In 1908 the English mathematician Godfrey Harold Hardy and the German physi-
cian Wilhelm Weinberg individually came to the conclusion that population allele
frequencies can be used to calculate the expected genotypic proportions under equi-
librium/random mating [45]. The genotype frequencies are given by p2, 2pq, q2 for the
genotypes AA,Aa and aa respectively, where p and q are allele frequencies of A and
a. Departure from the Hardy-Weinberg model can indicate problems with genotype
calling and is thus examined in the quality control process (papers I-IV). In case-
control studies, a strong signal of association (or population structure/strati�cation)
can itself lead to departure from Hardy-Weinberg equilibrium (HWE) in particular
amongst cases [46]. Thus while departure from HWE is widely used to remove SNPs
prior to analysis, researchers have also advocated using such departures to add further
weight to tests for association [47].

4.3 Association tests and Multiplicity

There are two ways to make contingency tables when tabulating data from case-
control studies to assess association of SNPs with disease. One approach classi�es
individuals according to their alleles while the other approach classi�es them accord-
ing to their genotypes. Association can then be assessed using standard statistical
tests. The disadvantage of using allelic tests is that they are not robust against de-
parture from HWE [48]. For genotypes logistic regression approaches are commonly
used [36], modelling risk as a function of SNP genotype often with adjustment for co-
variates. The Cochran-Armitage trend statistic is algebraically identical to the score
statistic from a logistic regression model [49].
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Genetic studies often involve the testing of large numbers of hypotheses [50, 51], driv-
ing the need for improved methods of statistical correction for multiplicity. Whilst in
the papers presented in this thesis the numbers of tests carried out never exceeded 200
and are low in comparison to many modern genetic association analyses, multiple test-
ing issues are still important to papers I to III and are therefore discussed brie�y here.

The standard (frequentist) statistical approach to testing a single hypothesis (e.g
of no association) is to prede�ne a signi�cance level αp which also becomes the prob-
ability of committing a type-I error (i.e. rejecting the null hypothesis when it is true)
traditionally at 0.05, and to subsequently evaluate the probability of the observed
data (or something more extreme in the direction of the alternative hypothesis) un-
der the null hypothesis. The probability of committing a type-I error, also called the
signi�cance level or false-positive rate, is the probability of rejecting the null hypoth-
esis when it is true. The signi�cance level indicates the proportion of false positives
that is tolerable. Formally for a given null hypothesis the point wise error rate is
given by

αp = P (reject H0|H0 is true). (4)

The problem of multiplicity arises when we test more than one hypothesis; in GWAS
studies hundreds of thousands of association tests are carried out and thousands of
SNPs will be falsely declared as being associated with the phenotype at the conven-
tional level of signi�cance (0.05). The family-wise error rate (FWER) is the probabil-
ity of making one or more type-I errors in a set of tests. Suppose we are interested in
testing M null hypotheses, for example association of M SNPs with disease outcome.
The family/experiment-wise error rate is de�ned as the probability of rejecting one
or more of these null hypotheses given that they are true. Let H denote the com-
plete null where H0k is true for all k ∈ {1, ...,M} then it follows that if all tests are
independent and all controlled at a level αp, the family-wise error rate αe can be
determined exact as

αe = P (reject at least one H0k|H)

= P (min
k
pk ≤ αp|H)

= 1− (1− αp)M . (5)

In order to avoid a lot of spurious positives, the alpha value needs to be lowered
to account for the number of comparisons being performed. The simplest approach
for dealing with this problem is to reduce the false positive rate by applying the
Bonferroni correction, in which the conventional signi�cance level is divided by the
number of tests performed. The Bonferroni correction is however highly conservative
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as the aim is to ensure that not even a single false positive result is carried forward
and it is based on the assumption of independent tests. When carrying out many
tests of association of SNPs with disease, SNPs are often correlated due to linkage
disequilibrium. Under such a scenario proper adjustment could be made if we could
determine the number of independent tests that we have to deal with; this is the
rationale behind the e�ective number of test approach [52], which represents a simple
correction for multiple testing of SNPs on the basis of the spectral decomposition of
the matrix of the pairwise correlations between SNPs. Other approaches for multiple
testing have also been proposed such as estimation of the false discovery rate (FDR)
[53]. Formally the FDR is de�ned as the expected proportion of null hypothesis that
are true among those that are declared signi�cant. Let R denote number of tests that
are declared signi�cant and V denote a subset of these that are truly signi�cant. The
FDR is given by

FDR = E[V/R]. (6)

Storey [54, 55] suggested that positive FDR (pFDR), which is the conditional FDR
given that at least one hypothesis is rejected, is a more reasonable error measure to use
when assessing a large number of hypotheses. He also introduced a new quantity called
the q-value connected to each hypothesis through the corresponding test statistic, and
de�ned it as

q(t) = inf
{Γ:t∈Γ}

pFDR(Γ) (7)

where Γ is a set of nested rejection regions that contain the observed test statistic
t. The q-value can be thought as the expected proportion of false positives among
all features that are as or more extreme than the feature under consideration. We
utilized the q-value approach in paper II for selecting markers to study within the
androgen-to-estrogen conversion pathway in relation to breast cancer prognosticators.
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5. Multi-Locus Approaches

Many statistical approaches for testing for genetic association described in the sta-
tistical genetic/genetic epidemiological literature evaluate one SNP/marker at a time
(single-locus approaches). Multi-locus approaches aim to evaluate the cumulative ef-
fect from multiple SNPs through a single global test. One way to tackle the problem
is to �rst carry out separate hypothesis tests and to subsequently combine p-values to
obtain a global p-value. Several approaches have been suggested. Zaykin et al. [56],
for example suggested the truncated product method that takes the product of the
p-values that do not exceed a certain threshold. Dudbridge et al. [57] combined the
Zaykin method with the rank truncated product method to form the so called dual
truncated product method which is the product of the K most signi�cant p-values
from L hypothesis tests which do not exceed a certain threshold. Another approach
for looking at the combined e�ect of all makers is based on the sum of all association
statistics [58]. Hoh et al. [59] modi�ed this approach where the single-locus test
statistic became the product of two χ2-test statistics, the association test statistic
and the Hardy-Weinberg test statistic.

Other approaches rely on more sophisticated methods for assessing association, for
example mixture modelling and kernel approaches. Tyrer et al. [60] focused on the
distribution of single marker test statistics to evaluate the cumulative e�ect from mul-
tiple variants in order to assess the experiment-wide signi�cance of association via the
Admixture Maximum Likelihood approach (AML). The authors used the Cochran-
Armitage test [44] in the initial step to assess association between each marker and
the dichotomous phenotype. The test statistic will be χ2 distributed with one degrees
of freedom for each marker. Recognizing that the square root of a χ2 distribution
with one degrees of freedom is normally distributed, they �t a mixture model on the
distribution of the square roots of the values of the test statistics for markers analysed
and simultaneously estimate both the proportion of associated SNPs and their (as-
sumed common) e�ect size on the outcome of the disease of interest. Under the null
hypothesis the square root of the test statistic follows a standard normal distribution.
Under the alternative hypothesis the χ2 test statistic for each associated SNP will be
non-centrally distributed with one degree of freedom. Assuming the non-centrality
parameter to be equal for all associated SNPs, a mixture of normal distributions is
�tted to the distribution of the square root of the Cochran-Armitage test statistic
values. To account for both positively and negatively associated SNPs (a priori it is
not known which of the two alleles is associated with an increased risk) three mixture
components are assumed, one representing non-associated SNPs the other two rep-
resenting negatively and positively associated SNPs. The negatively and positively
associated SNPs are assumed to be equally likely and the global null hypothesis is
assessed by a likelihood ratio test via permutation testing. Allison et al. [61] used
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a related mixture model approach in micro-array gene expression studies that works
on the p-value scale to test if the observed distribution of p-values is signi�cantly
di�erent from a uniform distribution. By subdividing the unit interval into disjoint
parts they model the distribution of p-values by beta distributions with distinct pa-
rameters. The choice of beta distributions as mixture components allows the uniform
distribution under the null to be correctly classi�ed, as the uniform distribution is
per se a special case of a beta-distribution when parameters are set to equal unity.

In paper III we describe a multi-marker test of association which allows for pheno-
type heterogeneity. In the presence of heterogeneity association tests which account
for phenotype heterogeneity will be more statistically powerful than those which do
not. Morris et al. [62] utilize polytomous regression to assess association consider-
ing phenotype heterogeneity in the single-locus association testing situation. As we
remark in paper III, extending this approach to a multi marker test using a mixture
modelling framework is not straightforward. A possible alternative approach would
be to analyse the collection of the single marker p-values via the approach of Allison
et al. [61]. In paper III we combine the mixture distribution approach of the AML
with incorporation of heterogeneity among case subjects to develop a novel associ-
ation method that is valid both for single-marker association testing as well as for
multi-marker association testing.

Recently for association testing using GWAS data, several attempts have been made
to merge two disjoint disciplines together, external biological pathway knowledge and
sophisticated statistical modelling to better detect association signals. It is widely
recognized that considering the cumulative association of genetic markers in a bi-
ological pathway can complement the single-SNP analysis or the raw multi-marker
approach [63]. Most multi-marker approaches, such as those described above, ex-
amine whether a group of related markers have some deviation from the null of no
association or not. But taking into account prior biological knowledge we may have
a better starting point of �nding genes and mechanisms that are involved in disease
progression. While the concept of pathway analysis is attractive it is still restricted by
our biological knowledge barrier. There are several databases that provide a catalog
of genetic information. The most widely used of these is the Kyoto Encyclopedia of
Genes and Genomes, initialized in 1955 by Kanehisa Laboratories at Kyoto Univer-
sity and the University of Tokyo [64]. Other pathway annotations include Biocarta
[65] and Gene Ontology [66]. The Pathguide [67] resource provides many links to pre-
dicted pathways, predicted since our knowledge about biological mechanism is limited
and fraction of human genes are as of yet not characterized [68].

Wu et al. [69] pursued a strategy for multiple markers that focuses analysis on
grouping SNPs into an informative SNP set. They employ prior biological knowl-
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edge to group multiple SNPs that are located near genomic features into SNP sets
and then test each SNP set as a single unit. Speci�cally they choose to model the
SNPs in the SNP set by using a �exible semi-parametric modelling framework that is
based on kernel machines and choose to test the e�ects of the SNP set via a powerful
variance-components test. O′Dushlaine et al. [70] developed a SNP ratio test (SRT)
method which computes the ratio of the number of signi�cant to the number of non-
signi�cant SNPs for each pathway and uses permutations to identify the signi�cant
pathways. In the initial step association between all considered markers with the
phenotype is assessed. By de�ning a signi�cance threshold value two disjoint sets of
markers are listed, the �rst group consisting of all associated markers and the second
group consisting of all non-associated markers. Collectively among both groups some
markers are annotated to belonging to genes within de�ned or user speci�c de�ned
pathways, and the global association of the proportion of the associated markers
within the pathway is assessed via permutation testing. Wang et al. [71] proposed
an approach for analysing GWAS data that is motivated by a pathway method origi-
nating from microarray data analysis [72], the gene-set enrichment analysis (GSEA).
By evaluating the association statistic of each marker within a de�ned or user de-
�ned pathway they follow up by assigning markers to speci�c genes. The summary
statistic (strongest association) of all genes are ranged and a weighted running sum
statistic is evaluated. Statistical signi�cance is then assessed via permutation test-
ing. Using the strongest association as a summary statistic for a gene may not be
optimal in situations when the joint action of multiple markers within a gene explain
more of the phenotypic variation [71]. Recognizing these limitations Weng et al.
[73] propose an updated enrichment approach. Instead of focusing on the maximum
test statistic they changed focus and use an adaptive rank truncated product method.

5.1 P-values calculated in multi-locus tests

Permutation tests are often used to assess statistical signi�cance. The reasons for this
is that many developed statistics do not have a standard asymptotic distribution and
evaluating the exact sampling distribution can be computationally intensive. The
only assumptions that permutation tests make are that observations are independent
and identically distributed under the null. Given an observed test statistic t0 and a
set T which contains all possible permutations, T = {t1, ..., tNall

}, the permutation
p-value is de�ned as

Pperm =
1

Nall

Nall∑
i=0

I(ti ≥ t0) (8)
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where I is an indicator function. Theoretically Pperm can never be zero, the minimum
value is equal to 1/Nall. In practical applications Pperm is approximated by evaluating
a limited number of permutations N ; where usually N << Nall. Limiting the number
of possible permutations to a fraction of its actual size may lead to an approximated
p-value of size zero. A pseudocount can be added to overcome this limitation

P̂perm =
1

1 +N
(1 +

N∑
i=0

I(ti ≥ t0)) =
1 + r

1 +N
. (9)

Hence any procedure that uses r
N

as an estimate may underestimate Pperm if the
null is true. North et al. [74] reported that the underestimation would be a factor
proportional to r/(r+ 1). The authors also studied the behaviour of estimates r

N
and

1+r
1+N

and came to the conclusion that using the fraction r
N
instead of 1+r

1+N
is incorrect

but in practice as long as r ≥ 4 this has small e�ects. They also recommended
that for all applications N should be chosen such that to ensure r ≥ 10. Phipson
et al. [75] showed that instead of approximating Pperm exact calculation is possible
by conditioning on the total number of possible distinct statistic values exceeding t0.
Although the derivation of the exact calculation is somewhat straightforward it is not
commonly used in practice as the formula contains a summation that may not be
practical to evaluate, hence the standard estimate of Pperm remains to be

P̂perm =
1

N

N∑
i=0

I(ti ≥ t0) =
r

N
. (10)

In paper III we utilize the above de�nition to assess the global association of our
multi-locus heterogeneity test.
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6. Risk Prediction - Statistical Methodology

The development of any mathematical model has two major objectives; understand-
ing and prediction. In the medical sciences a risk prediction model is a mathematical
model for turning observational data into a likelihood of disease on the basis of gath-
ered personal data. The most common estimate of risk is relative risk, as it can be
derived from standard approaches such as logistic regression when analysing case-
control data. Although numeric in its nature relative risk is a qualitative measure
as it describes a shifted risk in an individual compared to some underlying control
population without providing a measure of absolute risk [76]. In 1989 Gail et al.
[77] presented a general method to estimate the absolute risk of breast cancer for a
woman with a particular risk pro�le as a function of an individuals relative risk, the
age speci�c incidence of a speci�c event in the control population, and the age speci�c
competing mortality due to other causes. Absolute risk is de�ned as the probability
that a subject who is free of the disease of interest at age a will be diagnosed with
that disease in a subsequent age interval (a, a+ η] and can be written as

P (a, η, r) =

∫ a+η

a

h1(t)r(t) exp{−
∫ t

a

h1(u)r(u)du}S2(t)

S2(a)
dt (11)

where S2(t) = exp{
∫ t

0
h2(u)du} is the probability of surviving competing risks up

to age t. In this equation the term S2(t)
S2(a)

corresponds to the conditional probability
of surviving other causes from age a to t, and the exponential term corresponds to
surviving without breast cancer from age a to t. At age t there is an instantaneous
probability h1(t)r(t)dt of developing breast cancer. h1(t) is the baseline hazard and
the age-speci�c hazard of dying from other causes other than breast cancer is repre-
sented by h2(t).

We use the Gail model in paper IV. However several di�erent models for estimating
the risk of developing breast cancer have been developed [78, 79]; see also Chapter
7. Absolute risk models may di�er because various types of data are used or because
di�erent approaches are used for modelling, all aiming at having good discriminatory
power and calibration (see below). Some models are empirical whereas others rely on
genetic theory. For example, BOADICEA developed by researchers at the University
of Cambridge [80, 81] is used to estimate BRCA1/BRCA2 mutation carrier probabil-
ities and in turn breast/ovarian cancer risks, on the basis of detailed information on
family history of cancer at several sites.

The model introduced by Gail et al. [77] for breast cancer is based on empirical
modelling of relative risks in a logistic model. The Gail model evaluated breast can-
cer risk by multiplying an individuals relative risk by the age-speci�c baseline risk.
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The baseline risk is derived by the incidence rates multiplied by one minus the pop-
ulation attributable risk (PAR). PAR can been seen as the reduction in incidence
that would be observed if the population were entirely unexposed compared to its
current exposure pattern. In a logistic regression framework estimating PAR using
case-control data is made straightforward by using the approach of Bruzzi et al. [82].
Fay et al. [83] also developed a risk prediction model in the competing risk framework
but instead of focusing on estimating the baseline risk of developing breast cancer in
di�erent age-strata as a function of population attributable risk estimates of risk fac-
tors under consideration, they focus on cancer incidence and death rates. It would
be interesting to investigate the similarities/di�erences between the two approaches
in detail.

6.1 Evaluation of Prediction Performance

The accuracy of prediction models is often assessed either in terms of their discrim-
ination performance, reclassi�cation of risks or calibration. Discrimination is the
ability of the model to correctly separate the subjects into di�erent groups. Cali-
bration is the degree of correspondence between the estimated probability produced
by the model and the actual (observed) probability. It can be argued that discrim-
ination performance is more important than calibration. In a diagnostic setting in
which discrimination between cases and controls is most important calibration is not
of primarily importance as it only matters that cases have higher risk than controls,
accurate or not.

Prediction models produce either a binary classi�cation for each individual or a con-
tinuous risk score that re�ects the degree of risk for each individual. Consider a
medical data set LN = {Zi, Yi}Ni=1 that contains sample data of in total N individuals
where Zi = (Zik)

K
k=1 is an input matrix of K predictors that are available and Yi is an

outcome variable that describes the subjects status. In what follows rp(Zi) de�nes the
predicted risk of individual i. The simplest form of a prediction model is a threshold
model obtained by splitting the population based on a estimated threshold ξ so that
predicted status Ŷi of individual i is de�ned as

Ŷi =

{
1 rp(Zi) ≥ ξ

0 rp(Zi) < ξ.
(12)

The simplest measures of classi�cation accuracy are then the sensitivity and speci�city
of the model. Sensitivity is the proportion of subjects with the disease who test
positive, and speci�city is the proportion of subjects without the disease who test
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negative. These values vary when ξ takes di�erent values in its spectrum in the unit
interval. An optimal classi�er has both probabilities equal to one. A way to visualize
these probabilities is using the receiver operating characteristics (ROC) curve. An
ROC curve is a two-dimensional depiction of classi�er performance, in which true
positive rate (TPR) is plotted on the Y axis and false positive rate (FPR) is plotted
on the X axis; where TPR equals sensitivity and FPR is one minus speci�city. An
ROC curve depicts relative tradeo�s between bene�ts (true positives) and costs (false
positives)

ROC(rp, ξ) = {(FPR(rp, ξ), TPR(rp, ξ)); ξ ∈ [0, 1]}. (13)

A natural way to quantify the performance of the predicted risks is by evaluating the
area under the ROC-curve (AUC), sometimes referred to as the C-statistic, which is
equal to the probability that a randomly selected individual with disease has higher
score than a randomly selected individual who is disease free

AUC(rp) = P (rp(Z1) < rp(Z2)|Y1 = 0, Y2 = 1) =

∫ 1

0

ROC(rp, ξ)dξ. (14)

Since AUC is a portion of the area of the unit square theoretically the AUC can
take values between 0 and 1, but the practical lower bound (classi�cation based on
assigning 0/1 status using the toss of a coin) is 0.5; a perfect classi�er has an AUC of
1 [84]. Classi�ers with an AUC signi�cantly greater than 0.5 have some ability to dis-
criminate between cases and controls. It has been suggested that the AUC should be
> 0.75 for implementing screening only for selected individuals with an increased risk
[85]. Wray et al. [86] use quantitative genetic theory to provide genetic interpretation
of AUC. Using the liability model where the risk of disease is log-transformed to a
normal distribution, the authors partitioned the phenotypic variation into genetic and
non-genetic parts and evaluated heritability. As a function of disease prevalence and
sibling risk ratio they determine the speci�c parameter estimates for the distribution
of risk for a�ected and non-a�ected risk estimates. These are then used to calculate
the proportion of known genetic variance explained by the genomic pro�le that results
in a speci�c level of AUC. Like any other mathematical approach ROC curves are
accompanied with some limitations [87, 88]. For example, although they summarize
classi�cation information across the full range of sensitivities and speci�cities they do
not provide information about the actual risks predicted by the model; that is, they
do not provide information about the proportion of individuals with particularly high-
or low-risk values. Often one is interested in comparing the performance of a model
by extending it with a new predictor variable and assessing improvement of inclusion
of the new predictor. Comparison of AUC estimates can appear quite insensitive if
the new predictor variable is e�ective only for a small part of the population [84].
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Figure 4: Reclassi�cation of persons to di�erent levels of risk assuming we have three risk
categories, low, intermediate and high. In this scenario the majority of the population,
as measured by the area under the distribution curve are at intermediate risk. Smaller
proportion are at low, and high risk. Added information may manifest shifts in risk estimates,
indicated by arrows. As a result persons may change risk category. Adapted from [89].

These limitations motivated Pencina et al. [90] to summarize the incremental predic-
tive value of a new predictor based on its potential in reclassi�cation and discrimi-
nation. The incremental value is summarized by a net reclassi�cation improvement
(NRI) de�ned as the total gain in reclassifying cases into higher risk categories and
controls into lower risk categories (Figure 4). De�ning upward movement (⇑) as a
change into a higher category based on the new model and downward movement (⇓)
as a change in the opposite direction, NRI is de�ned as

NRI = P (⇑ |Y = 1)− P (⇓ |Y = 1)− (P (⇑ |Y = 0)− P (⇓ |Y = 0)) (15)

where capital Y is an event indicator. The measure summarises improvements in
reclassi�cation among event and non-event groups. When interest lies in improving
discrimination accuracy, the incremental value is evaluated based on the integrated
discrimination improvement (IDI). The IDI compares the change in di�erences in
mean estimated risk of the disease between the cases and controls, therefore, the IDI
will be larger for a model that predicts higher risk for cases and lower risk for controls.
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One approach to measuring calibration or goodness-of-�t of the model rp to the data
is to partition the domain of rp into measurable sets {S1, S2, ..., SL} and compare
the observed numbers of events with the expected numbers of events and assessing
goodness of �t with a Pearson statistic. Usually individuals are grouped by deciles of
rp(Z), where the sum of

∑
i∈Sj

rp(Zi) is the number of expected outcomes within the
jth set of individuals (Sj). The expected numbers are then compared with observed
numbers in the L groups using a χ2 test using what is referred to as the Hosmer-
Lemeshow test. Calibration can also be evaluated by using the expected-to-observed
ratio. If rp(Z) values are small for all Z then the observed number of event is ap-
proximately Poisson distributed, and if rp is well calibrated the expected-to-observed
ratio will be equal to one [91].

Figure 5: Area under the predictiveness curve and proportion of cases explained. The pro-
portion of cases explained by the 20% population at the highest risk is equal to the area of
the green marked section divided by the total area under the predictiveness curve. Adapted
from [92].

Pepe et al. [93] introduced a graphical approach, the predictiveness curve, which
describes the distribution of the predicted disease risks. The plot can be partitioned
into regions that correspond to several classi�cation measures. The curve is con-
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structed by plotting the predicted absolute disease risks against the percentiles of
the absolute risks. It has been shown that the area under the predictiveness curve
is directly related to the estimate of proportion of cases that be accounted for by
a given percentage of the population at the highest risk, see Figure 5. Area under
the curve when the proportion of cases explained is plotted against population at the
highest risk, has been proposed as a measure of AUC. So et al. [92] showed mathe-
matically that these two measures are not equal, but are close when the disease is rare.

In paper IV we use several of these measures to investigate the calibration and dis-
criminatory accuracy of the prediction models considered.
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7. Breast cancer risk prediction

The promise of accurate risk prediction and personalised medicine has hovered over
the study of disease genetics since the inception of sequencing the human genome
and particularly so in recent years with the success of GWAS studies in identify-
ing susceptibility loci for a variety of complex diseases. According to the NHGRI
GWA Catalog as of the second quarter of 2011, over 1449 GWAS studies have been
published for more than 237 traits [94]. For many diseases risk prediction models
have been built based on genetics and breast cancer is no di�erent. In paper IV we
carried out our own assessment of a genetic risk prediction model. We investigated
the performance of eighteen breast cancer risk SNPs, identi�ed through GWAS and
candidate-gene studies, together with clinical risk factors and mammographic density
in predicting absolute risk of breast cancer in a well characterised Swedish case-control
study. There have been several studies preceding ours. In this section we summarize
some of these.

One of the earliest risk prediction models for breast cancer was developed by Mitchell
Gail in 1989. The proposed model included information on established risk factors;
age, age at menarche, age at �rst live birth, number of previous breast biopsies, and
number of �rst degree relatives with breast cancer. The initial model was based on a
population participating in the Breast Cancer Detection and Demonstration Project
(BCDDP) [77]. The model was later modi�ed by updating the incidence rates using
the estimates from the National Cancer Institute's Surveillance, Epidemiology, and
End Results (SEER) program for predicting invasive breast cancer. Constantino et
al. [95] investigated the performance of the original Gail model and the updated
version. On the basis of the expected-to-observed ratio of number of cancers the au-
thors reported that the original Gail model underestimates risk. Overall the model
predicted 171.34 invasive and in situ breast cancer cases compared to 204 observed,
resulting in an expected-to-observed ratio of 0.84 where the upper limit of the 95%
con�dence interval was just below unity. The authors also performed the same type
of analysis using the updated model based on predicting the 5-year risk of developing
invasive breast cancer; with an overall prediction of 158.99 cases as compared to 155
observed corresponding to an expected-to-observed ratio of 1.03 where the 95% con-
�dence interval included unity suggesting that the updated model was well calibrated.

The Gail model is the most generally applicable prediction model, although it has
weaknesses. In particular the Gail model does not incorporate detailed information on
family history of breast cancer (degree of relatedness and age at diagnosis). Further-
more the Gail model does not incorporate e�ect information on BRCA1 and BRCA2
mutations and will therefore not give appropriate risk estimates for women with mu-
tations in these two genes or strong family history of breast cancer. There are a
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number of alternative models. Several of these focus on using detailed family history
information and are mostly useful for women with a family history of breast- and/or
ovarian cancer whom can be referred for genetic counselling for mutation screening
of the BRCA1 and BRCA2 genes. Pharoah et al. [96], conducted a meta-analysis
of seventy-four published studies and came to the conclusion that the risk of breast
cancer associated with a family history is higher in younger women, particulary risk is
high in women under age 40. In this thesis we are mostly interested in postmenopausal
breast cancer, making the Gail approach for determining the absolute risk for breast
cancer incidence most appropriate for our data.

Rockhill et al. [97] investigated the goodness-of-�t and the discriminatory accu-
racy of the Gail model in the Nurses Health Study. The expected-to-observed ratio
in their analysis was 0.94 with a 95% con�dence interval ranging from 0.89 to 0.99
suggesting fairly good calibration. A similar result was obtained when the authors
restricted their analysis to a subset of women who received mammographic screen-
ing within one year of baseline, where the expected-to-observed ratio was 0.93. The
AUC for the full sample was estimated to be 0.58 and to be 0.59 in the subset of
women who were screened within one year of baseline. Elmore et al. [98] presented
the distribution plots of the 5-year absolute risk of breast cancer originating from the
Rockhill et al. [97] study for the women who were diagnosed with breast cancer and
those who were not (Figure 1 in [98]). The two distributions overlap to a large ex-
tent, illustrating the limitation that there exists no clear threshold value that clearly
separates the a�ected from the un-a�ected individuals hence the low discriminatory
accuracy. Rockhill et al. [97] speculate that the discriminatory accuracy may improve
if models incorporate additional prediction variables such as mammographic density
and family history. Mammographic density characterized by the proportion of the
lighter or dense regions on the mammogram, summarizes variation in the radiographic
appearance of the breast, is a strong risk factor for breast cancer [7].

Tice et al. [99] studied whether mammographic density could improve the discrimi-
natory power of the Gail model. They compared two models, the original Gail model
and an updated model containing mammographic density as measured by the Breast
Imaging Reporting and Data System (BI-RADS) system. The BI-RADS system was
initially developed by the American College of Radiology and is currently in clinical
use in the US [100]. All of the internal coe�cients of the models were estimated from
their own prospective cohort and all the models were adjusted for age and ethnicity as
their cohort contained a spectrum of women cross di�erent populations. The AUC of
the Gail model attained a value of 0.67 which was improved to 0.68 with the inclusion
of mammographic density. Although they did not observe an extensive improvement
in AUC, the authors concluded that precise measure of mammographic density has
the potential to improve discriminatory power. Returning to the BCDDP project,
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Chen et al. [101] also investigated the role of mammographic density for projecting
absolute breast cancer risk, with a modi�ed set of predictors as compared to the
Gail model as implemented in the Breast Cancer Risk Assessment Tool (BCRAT)
[102]. The AUC of BCRAT was estimated to be 0.596 and was elevated to 0.643
by the inclusion of mammographic density. The di�erence in AUC between the two
models (0.047) represented a signi�cant improvement, and was higher than the dif-
ference observed by Tice et al. [99]. One of the reasons for the a lack of more
evident improvement by adding mammographic density may be due to the fact that
reads made by BI-RADS are not very reliable. One way to measure reliability is via
the kappa statistic [103] that estimates the agreement between two raters who each
independently classify items into mutually exclusive categories. For the BI-RADS
system this has been estimated to be at a modest level of 0.56 [100]. In paper IV a
computer-assisted thresholding technique (Cumulus) was used to assess density [104].
The approach is known to have a higher intra-observer reliability than BI-RADS [100].

From the central limit theorem we know that the distribution of sum of mutually
independent random variables is well approximated by a normal density function
with speci�c location parameter and standard deviation. As a direct consequence
if relative risk (RR) is the product of relative risk of many susceptibility loci then
the distribution of RR is log-normal distributed and therefore log(RR) will be nor-
mally distributed. In general, the larger the fraction of all susceptibility loci that is
identi�ed the larger the variance will be. Using the fact that the relative risk is log-
normally distributed, Pharoah et al. [105] showed that the distributions of log(RR)
in the general population and in the cases will have the same variance and di�er only
in the location parameter. Based on the estimate of polygenic variance σ2 from the
segregation analysis of Antoniou et al. [106] in addition to utilizing the relation be-
tween sibling risk ratio and polygenic variance, Pharoah et al. [105] estimated σ2 to
be equal to 1.2 and showed that the distribution of log(RR) among cases is normally
distributed with a location parameter shifted to the right of the location parame-
ter of the population by σ2. The distribution of non-genetic risk factors was also
estimated to be log-normal but with signi�cantly lower standard deviation. Higher
standard deviation is related to higher power in discriminating between high and low
risk individuals. As the di�erence in distribution among the a�ected and un-a�ected
increases then a clear choice of threshold will enable accurate discrimination among
the two groups of subjects.

In a follow-up study Pharoah et al. [107] examined the implications for individu-
alized disease prevention using a set of, then known, seven common genetic variants.
Utilizing the normal distribution property of log-relative risk Pharoah et al. [107]
estimated that, based on the risk distribution of the seven loci, the 50% of the popu-
lation at highest risk accounts only for 60% of all breast cancer cases. If 100% of all
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susceptibility loci were known, the proportion of accounted breast cancer cases would
increase to 88% [105]. The authors concluded that the risk pro�le generated by the
seven common genetic variants does not provide su�cient discrimination to warrant
individualised prevention. Gail [108] investigated how much the discriminatory accu-
racy of the Gail model could be improved by including the seven SNPs. The increase
in AUC after adding the seven SNPs was estimated to be 0.025 (from 0.607 to 0.632)
which is less than the improvement obtained from adding density (0.047; Chen et al.
[101]). Gail also examined other models which he compared to the BCRAT model.
He compared the AUC of a model with these seven SNPs and a hypothetical model
with fourteen such SNPs; both models showed lower discriminatory accuracy than
the BCRAT model. This is not surprising because in order to achieve appreciable
predictive value genetic pro�les need to include a few strong or large number of weak
susceptibility loci [109]. Based on the log-normal distribution assumption with a
standard deviation of 1.2 in the population Gail evaluated an AUC of 0.8, lending
support to the argument that polygenic risk might have some value in screening the
population. Furthermore Gail estimated that in order to achieve a standard deviation
of 1.2 in the log-risk distribution from a polygenetic model 147 SNPs similar to the
seven SNPs would be needed.

Wacholder et al. [110] expanded the set of seven SNPs studied by Gail and Pharoah
by including an additional three markers, i.e. in total ten markers. The authors com-
pared �ve di�erent pro�les against each other. One of the investigated models which
contains demographic variables and main e�ects of the set of ten markers reached
an AUC value of 59.7%, where the integrated discriminatory improvement reached a
positive value as compared to their model that contained e�ects estimated from the
demographic variables and the Gail standard variables. The authors concluded that
the genetic variants provide only modest improvement to prediction models for breast
cancer. Devilee et al. [111] argued that the conclusion of Wacholder et al. [110] is
a bit premature as the markers studied confer only slightly elevated risk of breast
cancer, and argued further that the ten SNPs assessed by Wacholder et al. [110]
represent only the tip of the iceberg of more than a hundred such SNPs needed to
achieve good discriminatory accuracy. It could also be argued that none of the SNPs
included so far are likely to be the true functional SNPs. When they are identi�ed
and used for risk prediction estimates should improve.

Meallife et al. [112] used data from the Womens Health Initiative Clinical Trial
to investigate empirically the performance of adding genetic information in risk pre-
diction models for breast cancer. The Gail model reached an AUC of 55.7% and was
elevated to 59.4% by adding the genetic pro�le of seven selected markers. However
AUC is a rank based measure and does not take into account the distribution of risk
[87]. For clinical risk utility it is important to assess whether a model can accurately
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stratify individuals into higher or lower risk categories to guide clinical treatment
decisions. To investigate this Meallife et al. [112] studied the reclassi�cation ability
of the Gail model and the updated model including the genetic risk score as mea-
sured by NRI by assigning women into three distinct risk categories. The authors
observed a signi�cant improvement in classi�cation by inclusion of genetic pro�les,
in particular for women who were assigned to the intermediate group according the
risk distribution predicted by the Gail model. Highlighting the fact that although
high AUC might not be reachable a substantial improvement in reclassi�cation of the
population may still be achievable.

Pashayan et al. [113] took on a di�erent strategy. They studied a set of 18 recently
established breast cancer risk SNPs in order to model the e�ciency of a personalised
screening strategy based on a combination of age and polygenic risk pro�le. The aim
was to study the proportion eligible for screening in the population and the propor-
tion of screen detectable cases, using di�erent prediction models under an assumption
that all cancers are detectable without error. Screening based on age alone de�ned
65% of women eligible for screening for which 85% of the cases were estimated to be
screen-detectable. Screening based on age and polygenic risk pro�le de�ned 50% of
women to be eligible for screening where 73% of the cases would be screen-detectable.
In comparison to screening based on age alone 24% fewer women would be eligible for
screening and 14% fewer women with cancer are likely to be detected when screening
is based on age and polygenic risk pro�le. The authors de�ned eligibility by the age-
intervals where the 10-year absolute risk exceeded a level of 2.5% among women aged
35-79. The authors concluded that a personalised pro�le has the potential to decrease
the number of individuals eligible for screening but at the same time detecting the
majority of the cancers as identi�ed by an age-based screening approach. In paper
IV we perform the same type of simulation study. Instead of focusing on choosing
a certain threshold for de�ning eligibility we adapt the threshold for the di�erent
models to correspond to the same percentage eligible for screening and evaluate the
proportion of cases to be expected to be screen detectable under these scenarios.
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8. Cancer Hormone Replacement Epidemiology in

Sweden (CAHRES) Data source

The source population for this thesis comes from a large case-control study that be-
gan in the mid-1990s to examine the e�ects of postmenopausal hormone use on breast
cancer risk. The study base consists of all Swedish-born women in the age range of
54 to 74 years old and resident in Sweden during the period October 1993 and March
1995. During this period breast cancer patients were identi�ed at diagnosis through
the regional cancer registries in Sweden. Controls were randomly chosen from the
Swedish registry of The Total Population to match the cases in 5-year age frequen-
cies. Patients received a mailed questionnaire after being asked to participate in
the study by their physicians. The questionnaire included detailed information on
reproductive history, medical history, lifestyle factors and intake of menopausal hor-
mones and oral contraceptives. A total of 3,979 eligible cases were detected of whom
3,345 (84%) participated in the study. Of 4,188 selected controls 3,454 (82%) agreed
to participate in the study. Reasons for non-participation among both groups were
poor health, physician's refusal (due to psychiatric disorder, anxiety or poor physical
health), subject refusal or failure to establish contact.

In total 1801 cases and 2057 controls where invited to participate in the molecu-
lar study, of which 1569 (87%) cases and 1524 (74%) controls participated. Making
the approximate population-based participation rates to be 74% (84%x87%) and 61%
(82%x74%) among cases and controls respectively. Biological samples for 1534 cases
and 1504 controls passed quality control for genotyping, from which we randomly se-
lected about 1500 invasive breast cancer cases and 1500 healthy controls. Information
on date and cause of death until December 31st 2004 and date of emigration have been
retrieved for these women from the Swedish cause of death registry and the Swedish
national population registry, respectively. Genotyping for all samples, in paper I to
IV, was performed at the Genome Institute of Singapore. Also, during 2007 and 2008
all mammography screening units and radiology departments conducting screening
mammography throughout Sweden were visited. All available mammograms con-
ducted until 1995 were obtained for the study participants and �lm mammograms for
2330 (75%) women, as described in paper IV.
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9. Aims of the thesis

At the start of the research project the aim was to obtain a better understanding
of the role which genetic variations in genes play in breast cancer development and
prognosis. The research group within which I have been based during the last years
has had a particular interest in genes involved in hormone metabolism and prior to
my doctoral studies I had been involved with several candidate gene studies as well
as a comprehensive ('pathway') study of genetic variation in a large number of genes
involved in estrogen metabolism [127], with respect to risk of breast cancer. As well
as carrying out studies of prognosis, combined with risk (Paper I), one of the major
aims of my research was to follow-up on the risk study [127] by exploring genetic
relationships with prognosticators (Paper II) and phenotype heterogeneity. A lack
of statistical methodology for studying phenotype heterogeneity motivated paper III.
During the course of my studies, GWAS studies were successful in identifying a num-
ber of common variants for breast cancer risk. Many of these variants were identi�ed
through large international collaborations and it has become very evident that it is
di�cult for individual studies to establish genetic associations conclusively. With sev-
eral common polymorphisms being established it has become interesting to evaluate
risk assessment strategies based on combining novel genetic markers and established
non-genetic risk factors. The purpose of paper IV was to use the information collected
on many of the known genetic and non-genetic risk factors in the CAHRES study, in
this context.

The speci�c aims of this Ph.D. project were

1. To analyse common genetic variation in the ESR1 and EGF genes in
relation to breast cancer risk, tumour characteristics and breast cancer survival.

2. To investigate germline variation in genes involved in Estrogen Metabolism
and assess their association with breast cancer prognosticators.

3. To develop statistical methods for genetic association analysis for evaluating
the joint importance of genes, in biological pathways for cancer.

4. To evaluate models for individualized absolute breast cancer risk in
Swedish postmenopausal women.
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10. Paper Summaries

10.1 Paper I: ESR1 and EGF genetic variation in relation to

breast cancer risk and survival

Endogenous and exogenous estrogen exposure is a central factor in the development
and progression of breast cancer [114]. We performed candidate gene studies to study
common variation in both the estrogen receptor α (ESR1) and the epidermal growth
factor (EGF) genes in relation to breast cancer risk, survival and tumour character-
istics. ESR1 is the main mediator of estrogen e�ects in the epithelium, including the
breast. The gene coding for the ESR1 protein has therefore been hypothesised to
play a role in susceptibility and prognosis of breast cancer. During cellular develop-
ment cells need to keep track of di�erent stages of progress such as time to grow,
divide, di�erentiate and apoptosis. Families of growth factors govern these processes
where altered activation of these can lead to unregulated cell activity [115]. One such
important growth factor is the epidermal growth factor. This protein can activate
ESR1 and acts as a potent mitogen for epithelial cells. The ESR1 gene covers 295.7
kb of genomic sequence on chromosome 6 and EGF spans 99.4 kb on chromosome 4.
In total we selected 52 tagSNPs in ESR1 and 15 tagSNPs in EGF and assessed their
association with breast cancer risk, survival and the Nottingham Prognostic Index
(NPI). In 1982 [116], the Nottingham City Hospital Study group constructed from
a multivariate analysis of nine possible factors a prognostic index. The Nottingham
Prognostic Index (NPI) is based on tumour size, histological grade and lymph node
(LN) stage and allows strati�cation of patients into di�erent prognostic groups and re-
�ects metastatic behaviour, growth rate and genetic instability of breast cancers [117].

We applied unconditional logistic regression models for assessing the association be-
tween ESR1 and EGF tagSNPs and risk of breast cancer (case-control analysis) or
NPI (case-only analysis). We estimated the hazard ratio (HR) of death due to breast
cancer in relation to the genes' tagSNP using Cox proportional hazards models. The
tagSNPs were included as covariates in the models either one at a time or in groups
of �ve. The latter method was used for detection of association with haplotypes
and is referred to as the 'sliding window' analysis. Likelihood ratio tests were used
to generate p-values for comparing models with or without covariates. P-values for
association of each tagSNP in ESR1 with breast cancer risk, NPI and breast cancer
survival were evaluated. The single tagSNP analysis suggested some weak signal of
association, although after using a permutation based adjusting method the associa-
tion found could not withstand multiple testing correction.

Based on the outcome of the single-SNP analysis and the sliding window approach we
focused our attention on a particular region and assessed association of haplotypes
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and risk. Focusing on haplotypes as opposed to analysing single SNPs one-at-a-time
can improve statistical power, if, for example, disease alleles are located on speci�c
ancestral haplotypes [118]. The haplotype analysis within the region of TAGs 18-27
indicated frequency di�erences between a�ected and una�ected. The same region
was indicated when we used a Bayesian haplotype clustering method [119], where we
clustered haplotypes based on allelic similarity, relying on the rationale that similar
haplotypes have similar probabilities of carrying a functional mutation at an unmea-
sured locus. Similarity between two haplotypes was measured by the number of alleles
that the haplotypes have in common within a �xed length window of typed markers.
The analysis of the EGF gene did not reveal any association with risk nor with NPI
or survival.

One year after our publication the Breast Cancer Association Consortium published
an analysis of variants in the ESR1 gene [120]. The authors speculate that the puta-
tive causative variant would be expected to be within haplotype block 4b of ESR1,
a region delimited by SNPs rs3003917 and rs3003925 within intron 4. In relation to
our study material, SNP rs3003917 is located between tagSNPs 21-22 and rs3003925
corresponds to tagSNP 26. The region suggested by BCAC is contained within the
same region as suggested from our study. The �ndings suggest that future investiga-
tion in the region (�ne mapping) is warranted.
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10.2 Paper II: Genetic variation in the androgen estrogen con-

version pathway in relation to breast cancer prognosticators.

Breast cancer prognostic factors, that is factors associated with the natural history
of disease progression are used to aid clinical decision making. Currently the three
most important and widely used prognostic factors for breast cancer are lymph node
(LN) status, tumour size and histological grade. Although LN status and tumour
size are independent prognosticators they both exhibit a relationship that manifests
itself in terms of increasing distant recurrence rate with larger tumours [121]. LN
status and size re�ect more the time that the tumour has been present rather than
the aggressiveness of the tumour, as histological grade does. Rakha et al. [122] inves-
tigated the prognostic signi�cance of histological grade by studying the association
of grade with breast cancer speci�c and disease free survival among a large group of
subjects. Survival analysis revealed an association between high tumour grade and
poor patient outcome with regard to both endpoints.

Estrogen is an important determinant of the risk of breast cancer as it a�ects cell
growth and proliferation, and is catalyzed by members of the CYPs superfamily of
enzymes [123]. The Cytochromes P450 (CYPs) represent key enzymes in cancer for-
mations and play an important role in the aetiology of cancer [124]. The product
of the CYP19A1 gene converts the male sex hormone androgen to the female sex
hormone estrogen. Genetic variation in CYP19A1 has been reported to be associated
with circulating sex hormones [125]. Fasching et al. [126] studied genetic variation in
the CYP19A1 gene and suggested that variation in marker rs4646 may in�uence the
HER2 status of breast cancer tumours. HER2 the human epidermal growth factor
receptor 2, is a key component in regulating cell growth; over-expression of HER2
can lead to more aggressive tumour cells.

Prior to the current study we had investigated the association of 34 genes, identi-
�ed through a literature search in combination with searching through the KEGG
database [64], within the estrogen metabolic pathway in relation to breast cancer risk
[127]. Application of the global admixture maximum likelihood test [60] suggested
associations with polymorphisms in the androgen-to-estrogen conversion sub-pathway
de�ned by 15 genes in our study, particularly for the hormone-driven estrogen receptor
positive breast tumours. A validation analysis in a Finnish sample revealed similar ev-
idence of association between the androgen-to-estrogen conversion sub-pathway and
breast cancer. A gene based analysis suggested CYP19A1 to play a major role in
the association with risk (Figure 6). With a prior hypothesis that hormone related
cancers generally have better prognosis than non-hormone related cancers; in the cur-
rent study we investigated whether breast cancer risk SNPs, within genes involved
in androgen-to-estrogen conversion, are associated with breast cancer prognosticators
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Figure 6: Gene-based AML P-values for 15 genes within the androgen-to-estrogen conversion
sub-pathway in relation to breast cancer risk. AML P-values are based on 5000 permutations.
Adapted from [127].

grade, lymph node status and tumour grade. Out of the 120 tagSNPs within the
androgen-to-estrogen conversion sub-pathway studied by Low et al. [127] 13 had a
false discovery rate q-value less than 0.20. These 13 tagSNPs were included in the
present study and examined for association with breast cancer prognosticators. The
overall association between the 13 markers with each prognosticator was assessed
via the AML method [60]. The cumulative e�ect from the 13 SNPs was associated
with tumour grade. To dissect this signal in more detail we �tted di�erent regression
models to assess the associations between the markers and the prognosticators. For
grade and lymph node status we used ordinal regression models. We could have used
polytomous regression approach but this would not have made use of the information
about the ordering in severity of the dependent variable to gain statistical power. For
tumour size we used linear regression where the outcome was logarithm transformed
to obtain an approximately normal distribution. The strongest association signals
were between grade and two variants from CYP19A1, namely rs7167936 and rs4646.
All regression coe�cients with a corresponding 2-sided p-value ≤0.05, for tagSNPs
in CYP19A1, were such that the high risk allele was associated with less aggressive
tumours. The association between the top SNPs in CYP19A1 and histological grade
remained signi�cant even when including only cases which are ER-positive.
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Aromatase inhibitors prevent the conversion of androgens to estrogens via inhibi-
tion of the aromatase enzyme. The e�cacy of aromatase inhibitors in breast cancer
patients might be related to SNPs of the CYP19A1 gene. Garcia-Casado et al. [128]
studied the relationship of the variant rs4646 and poor response to neoadjuvant treat-
ment with Letrozole in 95 postmenopausal women with hormone receptor positive tu-
mours. Letrozole is a drug that works by blocking the aromatase enzyme responsible
for the production of estrogen and is primarily administered to halt the progression
of breast cancer in women. The authors [128] reported that genetic variants of rs4646
have prognostic value especially for elderly groups of patients without surgery after
Letrozole administration. The suggestive evidence indicates that analysis of rs4646 of
CYP19A1 could improve the clinical management of breast cancer, however further
studies based on larger series are needed to dissect this relationship in more detail.
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10.3 Paper III: Single- and Multi-Locus Association Tests In-

corporating Phenotype Heterogeneity

Over recent years many statistical approaches for testing genetic association have
been described. Phenotype heterogeneity is a much neglected topic in this literature.
Genetic variants could contribute di�erent e�ects to subtypes of the disease under
investigation. Heterogeneity may be attributable to either unknown/unobserved dis-
ease subtypes or to subtypes of cases that are distinguishable to the researcher. For
the former scenario Zhou and Pan [129] proposed a test of association based on a
binomial mixture model that assumes that disease-associated SNPs are associated
with one speci�c (unknown/unobserved) subtype of disease. For the later scenario
Morris et al. [62] proposed the use of polytomous regression models for single locus
association tests. In paper III we focused also on heterogeneity which is attributable
to subtypes of cases that are distinguishable to the researcher. We describe novel tests
of association which incorporate multivariate measures of heterogeneity, categorical
and continuous. We describe both a single SNP and a global multi-SNP test and use
simulated data to demonstrate the power of the approaches when genetic e�ects di�er
across disease subtypes. Development of the multi-SNP approach was motivated by
our study of the estrogen metabolic pathway [127].

The single-SNP test assumes that Hardy-Weinberg equilibrium holds both within
controls and (subgroups of) cases and bases inference on the conditional distribu-
tion of genotypes given control/case (subtype) status. In extending the method to
multi-SNP testing we assume that there exists an (unknown) subset of SNPs which
are associated with disease, and combine the conditional probabilities of genotypes of
each individual SNP into a single quantity, a non-linear function to be subsequently
optimised. We assumed equal ORs across all associated SNPs and introduced a vector
of latent variables to indicate which of theM markers are associated with the disease.
In order to reduce the dimension of the parameter space we used a reparameterisation
to reduce the optimization problem to contain only the common e�ect size measures
for the di�erent disease subtypes. Similar to the related test of Tyrer et al. [60] we did
not explicitly model LD. We obtain our global test of association allowing for hetero-
geneity by �tting the model for the conditional distribution of genotypes to the data
both under the null and the alternative hypothesis, and recording the optimal log-
likelihood values. Empirical levels of signi�cance are obtained by permutation testing.

We performed several simulations with the objective of evaluating the performance
of our association test under di�erent scenarios. Firstly we assessed the power of the
single-SNP test in relation to more common test approaches, performing comparisons
similar to the ones made by Morris et al. [62]. Motivated by the our previous study
[127] of genes in the estrogen-metabolic pathway in relation to breast cancer risk we
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considered a disease for which cases are categorised according to two subtypes as-
suming a multiplicative disease model for each disease category. We held the e�ect
size for the second disease category constant and allowed the e�ect size for the �rst
disease category to range over a spectrum of negative association to positive associa-
tion. We also assessed the power of the test given deviation from the multiplicative
penetrance model and considered a set of standard and hybrid underlying penetrance
models. Overall our proposed test performed well. In a similar fashion we assessed
the power of our proposed multi-SNP test. Introducing heterogeneity in the form of
two disease categories we also assessed the power of the multi-SNP test for scenarios
where (i) associated SNPs with common ORs were in linkage equilibrium, (ii) ORs
of associated SNPs distributed normally were in linkage equilibrium and (iii) ORs of
associated SNPs were distributed normally with SNPs in LD. As long as substantial
heterogeneity exists our multi-SNP tests performs favourably in comparison to the
standard (homogeneity) test, but in the absence of heterogeneity as expected our test
lost power due to over-parameterization.

Figure 7: Multi-locus tests of association for the oestrogen metabolic pathway and the
androgen-to-oestrogen conversion subpathway. Source: [131].

We applied our novel multi-SNP association test to the case-control sample described
in Low et al. [127], where we assessed association between breast cancer risk and
SNPs in both the full estrogen metabolic pathway and the androgen-to-estrogen sub-
pathway. We also applied our multi-SNP test to a subset of approximately 750 cases
and controls included in a genome-wide association scan [130], using 199 SNPs in
genes involved in androgen to estrogen metabolism. For all three data sets our tests
incorporating heterogeneity yielded a p-value close to the best of the three AML tests
performed within the two ER status subgroups and overall, without adjustment for
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multiple testing (Figure 7).

We also used our novel single-SNP test of association, allowing for heterogeneity,
to study the association of rs4646 with breast cancer risk, tumour grade and tumour
size; see paper II summary (section 10.2). For the current analysis of association
incorporating heterogeneity we performed two tests. Letting W representing disease
subtype, �rstly we performed analysis where W represented grade coded 0, 1, 2 and
treated as continuous, and secondly with W representing tumour size measured in
centimetres and treated as continuous. We also carried out tests of association incor-
porating heterogeneity using both tumour grade and tumour size as covariates in a
regression model for the conditional distribution of genotypes. The results were con-
sistent with the strong association between rs4646 (of CYP19A1) and breast cancer
prognosticator grade, in combination with tumour size.

In the current format the application of the method is very time consuming. Future
development of the method could aim at developing a more computationally e�cient
algorithm. Furthermore in its current state the methodology rests on the assumption
of complete data on tumour characteristics among the cases. A possible extension
could be to allow for the incorporation of individuals with missing/incomplete tumour
characteristics, and optimising the complete data likelihood via the Expectation-
Maximization algorithm. There is currently a great deal of interest in developing
methods for assessing the role that rare variation plays in disease development [132].
It could be interesting to extend some of these approaches to incorporate heterogene-
ity using strategies similar to those we have used in our paper.
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10.4 Paper IV: Breast cancer risk prediction and individualised

screening based on common genetic variation and breast den-

sity measurement

Over the last decade several markers associated with breast cancer risk have been
identi�ed and this has led to an increased interest in individualised risk prediction
based on genetic pro�ling. Building on a competing risks approach in 1989 Gail et al.
[77] presented a model for determining the absolute risk of developing breast cancer.
Employing the same competing risks approach we investigated the predictive perfor-
mance of a set of 18 established polymorphisms associated with breast cancer risk in
addition to clinical risk factors and percentage mammographic density.

We examined several models for predicting the absolute risk and summarized their
discriminatory accuracy in terms of the AUC statistic. In a 'full model', utilizing all
considered risk factors together, an AUC of 61.9% was obtained which was di�erent
from 50% yet much lower than the recommended clinical useful level of above 75%.
For practical purposes classi�cation of subjects into three risk groups (low, inter-
mediate and high) is often preferred for considering individualised screening and/or
intervention programs. We estimated the net reclassi�cation improvement and inte-
grated discriminatory improvement statistic in order to measure the reclassi�cation
ability of the full model as compared to our own version of the Gail model. The
net reclassi�cation improvement is highly dependent on the cut-o� values used for
de�ning the groups. As there is no consensus on how to de�ne these categories, based
on predicted breast cancer risk estimates, we chose to de�ne them by the quantiles of
the projected 5-year absolute risks. The integrated discriminatory improvement was
positive indicating that the full model assigns on average higher risks to the case sub-
jects than the control subjects as compared to our version of the Gail model. The net
reclassi�cation improvement was also signi�cantly positive indicating that although
it is not perfect, the full model is better in classifying subjects into the prede�ned
groups.

Pashayan et al. [113] investigated the e�ciency of a personalised approach to screen-
ing for breast cancer using a set of eighteen SNPs as compared to an aged-only based
approach, in the English population based on projected 10-year risk estimates. We
developed a similar approach to investigate the potential of individualised screening
in Swedish women aged between 40-75. This particular age band matches the current
screening strategy in Sweden [133] and also de�nes the groups of women for which
the 10-year absolute risk for breast cancer is above 2.5%. Pashayan et al. [113] use
this threshold (2.5%) to de�ne eligibility for screening, and the percentage eligible
for screening among the population and the proportion of cases potentially screen
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detectable. As well as comparing individualised screening based on di�erent models
at �xed threshold values in terms of eligibility and cases potentially detectable we
also compared di�erent models in terms of cases potentially detectable at a �xed
level of eligibility. The results from the simulation analysis suggested that when us-
ing a variety of risk factors in risk models individualised screening can o�er marked
improvements in the detection of breast cancer cases compared to an age-only based
screening strategy. The results of this paper lend support to the future investigation
of genetic risk factors in order to increase the performance of prediction models.

Ultimately, substantial e�orts are needed to optimize risk prediction models and pre-
vention algorithms for risk communication, patient motivation and clinical decision
making. With the development of new technologies and opportunities for large-scale
analysis of the genome integrating omics pro�les with gene expression pro�les and
imaging, the prospect for developing truly individualised risk assessment rests on
future development of sophisticated mathematical modelling that summarizes the
information of all considered factors.
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11 Future Perspectives

In the �rst year of the new millennium, on the 26th June 2000, the medical and
biological sciences took a huge leap forward. The President of the United States
along with the Prime Minister of the United Kingdom announced to the world that
the international Human Genome Project and Celera Genomics Corporation had both
completed an initial sequencing of the human genome [134]. Subsequent technological
advances concerned with gene sequencing and genotyping initiatives have improved
our understanding of population speci�c genetic variations and enhanced our capacity
to dissect the genetic basis of common diseases. Growing numbers of novel suscepti-
bility loci have been identi�ed for many types of common diseases including breast
cancer. This rapid advancement has raised the hope that personalised approaches
based on �xed and modi�able risk factors unique to each patient can guide cancer
management and prevention.

Our current understanding of breast cancer aetiology limits our ability to discriminate
between low and high risk categories of individuals. But as our knowledge deepens it
may become e�cient to stratify populations into groups of individuals with di�erent
risk of developing disease, and use these in de�ning improved primary and secondary
prevention programs for breast cancer. Risk prediction models o�er one way of iden-
tifying women at highest risk and are an essential �rst step in deciding on prevention
strategies. For primary prevention, this strategy has been explored, for example,
in the Breast Cancer Prevention Trial to assess the e�ect of the drug Tamoxifen in
reducing the risk of breast cancer [135]. Women who were at an increased risk for
developing breast cancer as de�ned by a �ve-year Gail score greater than 1.66% were
eligible for participating in the treatment arm of the trial.

Secondary prevention also becomes more e�cient if we know which women are at
an increased risk of breast cancer. Secondary prevention aims to detect disease that
has not yet become symptomatic (early detection) usually by means of screening [136]
and thereby reduce mortality. In practice the decision as to whether or not to screen
has to be based on informed decision making. Informing patients about their risk in a
non-quantitative way may help to adopt screening practice that are more appropriate
in relation to their projected risk [137]. Within this process it may be helpful to pro-
vide clinicians with simple tools which summarize projected risks in understandable
charts. As illustration, for two of the strongest risk factors associated with breast
cancer, age and mammographic density, we generated a scorecard for hypothetical
women of age 50 and projected their risk for developing breast cancer in subsequent
age intervals based on di�erent scales of percentage mammographic density; see Fig-
ure 8.
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Figure 8: Scorecard for absolute risk of developing breast cancer. To the left risk for a women
of age 50 is depicted for di�erent categories of percentage mammographic density. To the
right distribution of percentage density in CAHRES data source; where the integers represent
absolute number in each category and the decimal numbers show the overall proportion in
each group.

Such a scorecard could be useful for individualized counselling so that health care
professionals and the patients themselves can be proactive in how to best approach
possible prevention strategies. For high risk women, for example, a combination of
regular mammographic screening and more advanced magnetic resonance imaging
(MRI) screening could be recommended. Advanced screening methods may impose
high costs to the healthcare system, which may be contained if resources are more
e�ciently re-allocated to women with high-risk pro�le. For example the American
Cancer Society (ACS) recommends MRI screening for women whose lifetime risk of
developing breast cancer exceeds 20%. Graubard et al. [138] estimated that nearly
900,000 American women may be eligible for MRI screening based on ACS guidelines
if the Gail model is used to assess risk.

Seeing genetic data as very de�nite and predictive of future disease risk the most
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common fear among the public is that genetic information will be used in a way that
they are not intended to be - for example, for denying individuals access to health
insurance, employment and education [139]. The issue of whether genetic information
should ever be used to in�uence ones access to health care and preventive measures is
a topic of general interest. One of the most di�cult challenges of the 21st century is
how to use the cumulative genetic information without undermining our commitment
to equality of norms and standards in our society. Without losing focus on �nding
cure for diseases or decreasing risk of falling ill by utilizing the most intimate infor-
mation of an individual, an appropriate regulatory framework for the use of such data
must also be considered.
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