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Abstract

New genotyping technologies are producing reliable results with far greater
coverage and at dramatically lower cost than previously possible. Given the
rapid new discovery of disease associated markers and the new technology
for determining the nucleotide sequences of key positions in the DNA of an
individual, it is now feasible to apply existing knowledge to generate per-
sonalized analyses of genetic risk for diverse diseases. DNA Genetic Risk
Information Profile (D-GRIP) is a genétype analysis software system that
determines an individual’s genetic risk profile given a genotype. The proto-
type web tool can-take, as input, up to a million observed genotypes from
single nucleotide positions known to be polymorphic in a human popula-
tion. The submitted genotype data are compared to a database of disease
associated single nucleotide polymorphisms (SNPs) and an output is gen-
erated, reporting disease-associated variants for which the individual has a
predicted modified risk.

An evaluation of D-GRIP was performed through the direct surveying
of potential users of such a system - users such as clinicians, genetic coun-
selors and genetics researchers. Due to ethical issues relafed to providing a

genetic risk profile, the prototype system is kept closed to the general public

and reserved for research into the utility and requirements of such software.




Abstract

The major conclusions drawn direct attention towards the key limitations
presently precluding the creation of personalized genetic risk assessment.
The lack of computationally exploitable resource for disease associated ge-
netic variants, the inherent statistical complexities involved with risk cal-
culation for large-scale genotyping data and the limited understanding of
interactions between genes, environment and complex diseases, are all key

factors that need to be overcome in order to create a practical genetic risk

assessment tool.
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Chapter 1

‘Introduction

This thesis describes the exploration of how bioinformatics can be applied
in the field of genetics, specifically to the prediction of disease risk. The
causes of human diseases range from simple Mendelian inheritance patterns
to complex combination of genetic and non-genetic (environmental) factors.
With the availability of the entire human genome sequence and the common
variation map (HapMap project), the understanding of genetic contributions
to diseases is increasing rapidly. We are approaching a time where prediction

of disease risk on a personalized level will become a reality.

1.1 Variations and Diseases

Variations in DNA sequences occur throughout the genome at a frequency
of approximately 4-5 in 1000 bases (0.4 — 0.5%) on average between two
unrelated individuals [3]. These differences or variations in sequences in-
clude both mutations and polymorphisms, which are distinguished by their
frequency within a population. Mutations are by definition rarely observed
in a population and while they can cause disease, are not generally relevant
to the prediction of disease risk in the general population. The simplest
and most common form of polymorphism is called a Single Nucleotide Poly-

morphism (SNP). At a particular site on the human genomic sequence, a
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SNP is defined by the existence of a certain percentage of individuals with a
nucleotide differing from the norm. For instance, in two copies of a chromo-
somé at one site, one chromosome might have an A at that position (the ‘A’
allele) and the other might have a C (a ‘C’ allele). The minimum threshold
percent‘agelfor classifying a position as being a SNP rather than a mutation
is generally defined as 1%of tested choromdsomes, although some reports use
other values. In the human populations, there are approximately 10 million
SNPs that occur with greater than 1% frequency and these 10 million sites
constitute 90% of the variation in the population {3, 21]. In short, SNPs
constitute a dramatic portion of the genetic variation between two.individ-
uals. A genotype is then defined as the combination of the two alleles at a
particular locus for a given SNP. For ipstance, at a known polymorphic po-
sition with A and C forms, genotypes would be AA, AC or CC. SNPs Qccﬁr
throughout the genome (promoter region, coding and intronic regions) where
those variations situated in proten coding regions are of two types, synony-
mous (not altering the encoded amino acid sequence) and non-synonymous
(causing a change to the encoded amino acid sequence).

In the study of human genetics there have been a litany of examples of
links between sequence variations (also referred to as markers) and specific

traits or diseases [27]. Disorders where genetics plays an-important role, the

so called genetic diseases, can be classified into single gene defects, chromo-

somal disorders or multifactorial. Single gene disorders (or Mendelian dis-
orders) such as Cystic Fibrosis, are usually rare and identifying the causal
genetic variant has helped understand the disease. Chromosomal disorders

are caused by excess or deficiency of genes [8]. Most common diseases are
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multifactorial such as diabetes or heart disease and it is generally accepted
that these phenotypic effects are based on direct genetic effects, multiple

gene-gene interactions and gene-environment interactions [27, 30]. Recently,

through new technologies and genome-wide association surveys, there has

been a strong effort towards finding disease susceptibility variations (espe-

cially SNPs) for complex disorders [13].

1.2 Discovery of new markers

Recently, there has been a surge in new discovefy of disease susceptibility
genes and variations. Traditionally, in human genetics, a discovery involved
identifying a gene for susceptibility of disease. That notion, however, comes
from working on rare diseases in which single studies have reported strong
statistical associations between a mutation in a gene and a disease [13]. In
contrast, for common diseases, the oligogenic model is usually accepted. The
model states that the genetic component of complex diseases are more likely
to be a result of a few genes with moderate effect or a large number of génes
with smaller effect [11]. With the development of large-scale genotyping
technologies, it has now become feasible to perform genome-wide association
studies [11, 13] to identify contributing loci by surveying a large set of known
variable sites.

Several large-scale genome-wide association studies have been recently
published, including studies of diabetes Mellitus type II [26, 28, 31, 33],
bipolar disorder [1], Alzheimer’s disease [4], Crohn’s (inflammatory bowel)

disease [6, 22] and coronary artery disease [24]. Given the small sample of
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diseases listed here and the short timeframe in which they were published, a
large number of markers are being discovered at a very rapid rate. A more
detailed analysis on the recent advances of genome wide association studies
and a count of newly discovered markers for several common diseases can

be found in [5].

1.3 Genotyping technologies

New genotyping technologies are driving the burst of genetic studies. For
studies where a small number of SNPs are analyzed, Sequenom’s MassARRAY® -
system, TaqMan® and PyrosequencingTM have been widely used. These
methods provide flexibility in study design for inveétigators prepared to work
on a small set of candidate genes. For studies where thousands of SNPs need
to be analyzed simultaneously (i.e., multiplexed) for each sample, platforms
such as the Illumina Be_adArrayTM and the Affyrnetfix GeneChip® can be
used. These systems have dramatically increased the throughput of gen(;—
typing and substantially reduced genotyping costs [23].

To illustrate the underlying technology, a brief description of the original
Ilumina BeadArrayTM platform and the GoldenGateTM assay follows. The
array-based technology comes in a 96 well plate format. Each well contains
an optical fiber bundle where an array of 50,000 randomly piaced beads, each
~3 microns in diameter, exist. There are 1520 bead types, each representing
a different oligonucleotide sequence. This gives ~30 copies of each bead type

providing (on average) 30 replicate genotyping experiments for each SNP

and can screen up to 100,000 genotypes in one sample [10].
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The GoldenGate® Assay is used with the BeadArray platform and has
the advantage of allowing high multiplexing during amplification steps while
minimizing reagent volumes and time. Genomic DNA is normalized and
then chemically reacted to incorporate biotin to rﬁake activated DNA. Three
oligonucleotides are designed for each SNP. Two are allele-specific oligonu-
cleotides (ASO) and one is locus-specific oligonucleotide (LSO). Each ASO
has a 3’ base complerﬁentary to one of the two SNP alleles. The LSO
hybridizes downstrearﬁ of the ASOs. Each of the three oligonucleotide se-
quences contain regions of genomic c;)mplementary for polymerase chain
reaction (PCR): P1 and P2 on the ASOs and P3 on the LSO. The LSO
also contains a unique address sequence that targets a particular be»a'd type
on the well plate. After extension and ligation, activated genomic DNA’
is amplified using PCR and labeled P1 and P2. The primers P1 and P2
are labeled with Cy3 and Cyb respectively. The PCR products are then
hybridized to array matrix plate where the Cy5 and Cy3 labeled materials
bind in proportion to the relative abundance of thé two alleles in the sample
such that a homozygote for the allele has only one color and a heterozygote
has two. The labels are detected and analyzed u_sing the fluorescence signalv
and using software for genotype clustering and calling. Based on the color
distribution of each allele, the genotype of the samples for the designated
S.NPs can be determined. For a more thorough and detailed description: of
'the assay, refer to [19] and [32]

Both Illumina and Affymetrix systems have challenged the technological
limit of genotyping analyéis. For instance, Illumina’s Sentrix® Human-

Hap650Y BeadChip and whole-genome HumanlM BeadChip can respec-

5
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tively genotype over 650,000 tag SNPs and over one million genetic varia-
tions on a single array, whereas the Affymetrix’s GeneChip® Genome-wide
human SNP array 5.0 can genotype approximately 500,000 SNPs in one sam-
ple. Both platforms can genotype fixed set of SNPs as well as customized
panels of SNPs. Illumina’s SNP selection is based on the HapMap project
while Affymétrix’s SNPs selection is based on feasibility of SNPs to be geno-
typed. For both systems, the cost of genotyping is less than $0.01 per SNP.
A general recent summary of the various méthods is shown in Table 1.1. A
more detailed review of various genotyping technologies is available in [32]
and [23]. Given the new technologies and the high throughput of genotypes
at substantially low costs, genotyping an individual has become increasingly
feasible and led to a shift from investigation of a few candidate polymor-

phisms at a time to comprehensive whole-genome studies [23].

1.4 Bioinformatic Tools

There are many different open source and commercial systems available that

manage, organize and analyze large-scale genotype data and/or provide risk

"assessments for disease. In order to determine whether any currently avail-

able systems integrate the analysis of many genotypes to provide person-
alized risk assessments for diseases, a survey of the risk prediction systems

follows.
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Throughput
(no. of sam-
ples per assay)

Cost  per
genotype

Assay design Multiplexing
: capability

TaqMan® By manufacturer No

or investigator
PyrosequencingTM By investigator 1to 3
Sequenom’s By investigator 1 to 29
MassARRAY®
Illumina’s By manufacturer 1,536 to
Sentrix® 1,000,000
Affymetrix’s By manufacturer 10,000 to
GeneChip® 500,000

Up to 10,000+

Up to 4,000+
Up to 3,000+

Up to 96

Up to 96

>US$0.30

>US§0.30
US$0.05-
0.10

"<US$0.01

<US$0.01

Table 1.1: A summary of genotyping technologies currently available: The
cost per genotype is an estimate of maximal multiplexing capability. A
note, Illumina’s Sentrix'® numbers in the table are based on the Human1lM
BeadChip which will be released in the second quarter of 2007.

1.4.1 Commercial Systems

Genetics and genetic testing companies such as GeneSage [16], GeneTracks [17]

and Genelex [14], provide or attempted to provide a variety of products and

services. For instance, GeneSage, which now appears defunct, offered secure

storage of genetic information for its users as well as access to genetic infor-

mation and clinical information on genetic medicine for health professionals

such as physicians and nurses. Also, risk assessments for specific diseases

were provided through a team of in-house genetic counselors. An advantage

of GeneSage was that risk assessments were providéd by qualified genetic

counselors, but the assessments were not based on genotype information.

GeneTracks, on the other hand, provides various forms of DNA testing

such as Paternity, Twin or Sibship and Maternity. The strength of Gene-




Chapter 1. Introduction

Tracks lies in its DNA testing capability while the disadvantage is the lack
of genetic assessment. In addition, two facets of GeneTracks are the DNA
Bank and DNA Ancestry project. The DNA Bank acts as a storage facility
for the customer’s genetic data while the DNA Ancestry project provides a
way to trace an individual’s ancestry based on 20-40 Y-chrofnosorne DNA
markers. One advantage of such a service is the incorporation of genotype
data in tracing ancestry but the disadvaﬁtages are the lack of genetic risk
assessment and the lack of flexibility because only males can be tested since
the test uses markers from Y-chromosome.

Lastly, Genelex provides a diverse range of services. For health pro-
fessionals, genetic information, drug information, pharmacogenetic testing
for specific drugs and nutrigenetic tests (dietary consultation) are provided.
Also for clinicians, a software called GeneMedRx, which provides drug-drug
and drug-gene interaction risk prediction for cytochrome P450 metabolism
and genetic testing [15]. For the general public, adverse drug reaction test-
ing, nutritional testing (dietary consultation), ancestry DNA testing and
predictive testing for four diseases are ﬁrovided. All the testing services

utilize genetic information from the customer and test a set of known geno-

types, genes or set of phenotypes. One advantage of Genelex is the Gen-

eMedRx software. It incorporates genetic testing with risk prediction to
ensure drug efficacy and prevent adverse drug reaction. One disadvantage
is that GeneMedRx only incorporates one genetic test with risk prediction

(the cytochrome 450P metabolism).
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1.4.2 Open Source Syétems

There are many open source systems that provide management and analysis
of genotype data and a disease risk assessment. For brevity, only recently
published tools will be discussed. The open source systems can be broken
down into three categories. There are data management tools, visualization
tools and risk assessment tools.

In the realm of data management, IGS, Integrated Genotype Analy-
sis [12], stores, edits and analyzes genotype and phenotype data. IGS can
handle large-scale genotype data, stores the data and meta data in various
formats and can be used for genetic analysis (e.g. pedigree checks, Hardy-
Weinberg tests, allele frequency tests, etc). The system is ‘fre‘ely 5vailable
on-line and the underlying database structure can be easily re-created. IGS
is useful for storing raw genotype as well as processed genotype data (sim-
ply the genotype and the sample). Another tool is called SNPP, Single
Nucleotide Polymorphism Processor [36]. SNPP’s strength lies in handling
massive amounts of raw SNP genotyping data, using a backend database
framework for storage and it can also be used as a tool for data format con-
version. The disadvantage lies in the minimal analysis of the genotype data
since it only provides Mendélian inheritance checks for SNP data obtained
from families. |

For visuvalization tools, fhere are several programs which provide an in-
tegrated environment for visualization and analysis of genotype data. SNP-

VISTA, an interactive SNP visualization tool [29] allows visualization of

large-scale genotype data for disease related genes. The software maps SNPs
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to gene structure, classifies SNPs based on location, frequency and allele
composition, clusters SNPs according to user criteria and includes protein
evolutionary conservation visualization. The strength of SNP—VISTA is the
graphical interface and visual representatioﬂ of large scale data. SNPAna-
lyzer, a workbench for SNP analysis [35], performs data manipulation, sta-
tistical analysis on genotype data and visualization. Another recent tool
is GEVALT, GEnotype Visualization and ALgorithmic Tool [7], which pro-
vides phasiﬁg and tag SNP selection algorithms, along with visualization of
LD plots and haplotype data. All of the functionality is available in one in-
tegrated viewer. The advantage of GEVALT is in the integration of analyéis ’
tools and the visualization in one environment. There are other visualiza-
tion tools that provide various features but are not mentioned here. All
the visualization software provides analysis of genotype data but does not
provide any disease risk assessments.

Risk assessment tools can be broken.down into two categories, nomn-
family-based and family-based. For non-family-based risk assessments, the
tools are classified as expert systems or knowledge—based systems. An ekpert
system is a computer sysfem, based on artificial intelligence(AI) principles,
which uses an organized body of knowledge, heuristics and inference to sug-
gest solutions in a particular domain of expertise, for instance ‘in medicine.
A review of various expert systems and currently used systems is done in [25]
and [18]. Therefore, for brevity, only one of the originally developed systems
will be mentioned here. MYCIN [2] was developed to provide assistance to
physicians in the diagnosis and treatment of meningitis and bacterial infec-

tions. MYCIN conducts a question and answer dialog where it ask questions

10
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such as suspected sites of infection, symptoms and results of other laboratory
tests. Then, MYCIN recommends a >course of antibiotics and can also pro-
vide its reasoning behind its answers. The advantage of an expert system is
its diagnostic support capability to a physician. A potential disadvantage is
the purely computational basis of prediction and no incorporation of genetic
history in diagnosis of diseases.

For family-based .risk assessments, there are many tools available, of
which the majority target cancers. A tool for prediction of breast cancer
risk is BRCAPRO [9]. The BRCAPRO model incorporates information on
all family members (affected and unaffected) for breast and ovarian cancer
and then calculates the probability of carrying the BRCA gene mutation us-
ing Bayes theorem. BRCAPRO’s strength is its accuracy to predict BRCA
gene mutation. BRCAPRO was validated by comparing to genetic coun-
selors and it was found that BRCAPRO had similar sensitivity and higher
specificity to experienced genetic counselors in identifying BRCA mutation
carriers. A similar system has been created for identifying high risk indi-
viduals of familial pancreatic cancer called PancPRO [34]. The underlying
framework of PancPRO is similar to BRCAPRO. Again, a vﬁlidation of
PancPRO indicated its accuracy in risk assessment. In a recent review [20],
a set of cancer risk assessment tools (CRATSs) which were available on the
Internet. The five tools diséussed in the paper determined the risk of various
types of cancers based on family history. Oné of the disadvantages of these
tools is the focus on purely familial-based Mendelian model diseases and not

on other more complex diseases such as Diabetes Mellitus or Alzheimer’s.

11
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1.5 Overview of pfoject

Given the rapid new discoveries of disease-associated markers and the ad-
vent of new genotyping technology, a question arises: is it now possible to
apply existing knowledge of genetic diseases to create disease risk profiles for

individuals? This thesis project was motivated by such a question and was

.designed to ascertain the bioinformatic limitations that must be overcome to

facilitate a genotyping-based analysis of disease risk. We created a web tool
called D-GRIP, DNA Genetic Risk Information Profile, which is a genotype
analysis system that determines an individual’s genetic risk profile given a
genotype as input. The on-line tool can take, as input, up to one million ob-
served genotypes from known SNPs in human populations. The submitted
genotype data are then compared to validated disease-associated SNPs (a
DNA-Disease database) and then outputs a list of diseases for which the in-

dividual has modified (up or down) risk. D-GRIP is intended to serve as an

early prototype of a prognostic tool for use by genetic counselors. D-GRIP

went through a testing phase where clinical geneticists, genetic counselors,
genetic researchers and biostatisticians were consulted on the utility of D-
GRIP and their feedback was recorded. One major conclusion drawn from
the project is that the level of current knowledge for disease-causing SNPs is
limited. There are only a few diseases that had strong supporting evidence
causally linking SNPs to the disease.- Given this scarcity of data, substan-
tial studies on disease-causing variations are needed, especially for complex

diseases.

12
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Chapter 2

D-GRIP: DNA Genetic Risk
Information Profile!

2.1 Introduction

Genetics knowledge is being transformed through Whole-genome associa-
tion studies enabled by new high-throughput genotyping and re-sequencing
technologies. In the past,.genetics research focused on the identification
of individual genes directly responsible for a disease or phenotype, based
on Mendellian genetics. Common diseases such as diabetes, heart disease,
‘asthma and cancer are caused by a combination of genetic and environmen-
tal factors [17, 25]. For complex diseases, the genetic component may be
provided by a few genes with moderate effects or a large number of genes
with smaller effects [22].

To identify genes that contribute to susceptibility but are not definitively
causal has emerged as the focus of many large genetics studies. With the
corﬁpletion of the Human Genome project {21], the uncovering of common
genetic variants through the International Haplotype Map (HapMap) [6] has

enabled the susceptibility studies for common diseases [32]. The analysis of

'A version of this chapter will be submitted for publication: Srivastava S and Wasser-
man W. 2007
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large sets of c.ornrnon genetic variants in association to specific diseases are
called genome-wide association (GWA) studies. The GWA studies typically -
utilize a set of single nucleotide polymorphisms (SNPs) from the HapMap
project known to represent blocks of linked variations (so called ‘tag’ SNPs)
along with nonsynonymous SNPs and SNPé situated within evolutionarily
conserved regions of the genome. A large number of GWAs were recently
published for diseases such as Diabetes type 2 [34, 35, 37, 39), bipolar disor-
der [4], Alzheimer’s disease 7}, Crohn’s (inflammatory bowel) disease [8, 26]
and coronary artery disease [29]. Given the rate of these new discoveries,
there is much excitement in the scientific community for the potential to
discover new links between genes and diseases - links which could pave the
road for predictive genetic screening [13].

Facilitating the GWA studies are several new high-throughput genotyp-
ing platform technologies such as the Affymetrix GeneChip® and Hlumina
BeadArrayTM ;NhiCh can simultaneously analyze thousands of variable po-
sitions (i.e. SNPs). The advantages of such platforms lie in their high mul-
tiplexing capability, increased reliability -and the low genotyping cost per
SNP. Both platforms allow genotypihg of 500,000 SNPs per sample at a cost
of less than $0.01 per SNP with greater than 95% accuracy [12, 27]. Due
to such advancements, it is now economically feasible to perform large-scale
whole;genome studies. It is even possible for an individual to obtain one’s
own genotype information covering many known cornrﬁon sequence variants .
for an affordable pfice.

Suppose a geneticist was provided with results of a large-scale geno-

typing experiment. It would be natural for that scientist to seek insights
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into the data from computational services. There are several open source
systems and commercial systems currently_ available for application to geno-
type data. In the realm of open source systems, three categories exist: data
management tools, visualization tools and risk assessment tools. Data man-
agement and visualization tools such as Integrated Genotype Analysis [14],
SNPP [45], SNP-VISTA [36] and.GEVALT [9] can process and store large
amounts of raw genotype data and provide intuitive visualization of results
from many samples. The majority of the risk prediction tools, such as
BRCAPRO [11], PancPRO [41] and other Cancer Risk Assessment Tools
(CRATS) [24], utilize family history to predict risk of disease with relatively
high accuracy. However, no system allows an individual to explore genetic
risk for many diseases given a single individual’s genotype. |

A few commercial systems handle genetic data and/or perform risk pre-
diction. In addition to performing DNA tests, GeneTracks [19] provides .
software to trace family ancestry based on markers and offers secure storage
of personal genetic information. Genelex [18] uses a small set of markers
for predicting adverse drug reactions and Mendelian model diseases. For
the commercial risk prediction services, genome-scale genotype data are not
utilized and risk predictions are, in general, very specific to a small set of
Mendelian diseases. |

Given the advent of new genotyping technologies and the flow of new
discoveries of disease-associated va,riarits, is it now possible to use existing
knowledge of diseases to create disease risk profiles for individuals? This
paper is concerned with exploring such a concept in order to identify key

limitations which must be addressed in genetics, bioinformatics and statis-
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tics. In addition, the reéearch raises ethical and societal implications. We
created a prototype web tool called D-GRIP, DNA Genetic Risk Information
Profile, which attempts to generate an individual’s genetic risk profile given
a genotype as input. The prototype system accepts up to one million geno-
types,- compares the submitted data to a DNA-Disease database and then
outﬁuts a report for those diseases for which the individual has a predicted\
modified risk. In order to test the utility and ascertain the limitations of D-
GRIP, a survey of potential users, such as genetic counselors, was performed,
and their feedback was recorded. The development and subsequent assess-
ment of D-GRIP revealed several key weaknesses which must be addressed

before wide use of a predictive system should be attempted.
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2.2 Methods

In order to create a practical prototype risk assessment. tool, several com-
ponents are required. An intuitive and easy to use interface is essential. At
the core of the software, two aspects are needed: a DNA-Disease database
and a statistical model for risk assessment. Lastly, the software needs to
be passed through a testing phase to assess both usability and predictive
performance. For D-GRIP, a schematic overview is shown in Figure 2.1.
In subsequent sections, the various components of the software are detailed
and in the results, a walkthrough is performed to illustrate the features of

D-GRIP.

DNA Samples
Genotyping Machine

Genotype data Demogra'pﬁic'.

information. -

s Mumina ™\
Fifial. -
Format _/

HTML'Outpuit .
«_Textoutput _~ .

Figure 2.1: A schematic overview detailing the flow of information across
the various components of D-GRIP is illustrated.
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2.2.1 D-GRIP Overview

The overall flow of information occurs in three steps. The first step in-
volves entering demographic information and the user’s genotype data. In
the second step the genotype data are compared to a genotype-phenotype
database and a risk is calculated for the individual to develop each disease
represented in the database. The last step is the reporting of any disease as-
sociated variations found in the user’s genotype and the relevant stétistical
measures. |

In the first step, the user enters demographic information such as age,
‘gender and ethnic background. Due to the complexities involved in clas-
sifying ethnicity [23], a geographical generic grouping was used as follows:
European, Asian, African, Pacific, Mixed and First Nations/Aboriginals.
It is also possible to infer ethnicity based on ancestry informative markers
(AIMs) [43], especially for admixéd individuals but for simplicity, D-GRIP
uses user-identified ethnicity. The user is also required to input one’s geno-
type data, either by uploading the proce.ssed genotype file or copying and
pasting the file. D-GRIP accepts two types of genotype ‘ﬁle formats ~from
widely used instruments (Illumina Final format and Affymetrix text out-
put). Each row of the genotype file contains a SNP identifier (the 'rs’ num-
ber provided by dbSNP [38]) and the two alleles that make up the observed
_ genotype. The software is capable of handling up to one million genotypes
at a time.

The second step processes the genotype data, based on the defined eth-

nic background and compares each of the user’s genotypes to the entries
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in a genotype-phenotype database. For corresponding matches of SNP id
an'd genotype, D-GRIP uses the specific SNP from the genotype-phenotype
database in the statistical model to calculate probability of developing a spe-
cific disease. The details of the database and statistical model are -explained
in subsequent sections.

The final step involves reporting all matching SNPs between the user’s
genotype data and the disease-associated SNPs. The analysis results are
reported in a tabular format which includes for each disease, the particu--
lar gene, the particular SNP (and génotype).associated with the disease,
the population in which the association was observed and links to relevant '
studies supporting the association between the disease and genotype. In
addition, for each SNP, odds ratio and confidence intervals, risk and major
allele’s homoiygous genotypes, the case and control genotype frequencies
and set of SNPs found to be in high linkage disequilibrium based on the
HapMap data are reported. Finally, an overall probability of developing a
disease is shown, based on the statistical model used. As per the model,
the overall probability is calculated over the whole sét of observed disease-
associated genotypes.

D-GRIP was implemented for browser-based access over a network. Since
there are many social, ethical and legal implications associated with the use
of such a risk assessment tool, access to D-GRIP is restricted. D-GRIPlis
envisioned to be used in a guided setting, for example, in the presence of a
genetic counselor. In addition, to respéct privacy and confidentiality, user
submitted information (e.g. demographic and genotype data) is not stored

in the system. Once a report is generated, all user data are removed from
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memory.

2.2.2 Genotype-Phenotype Database

Existing genotype-phenotype databases are not sufficient for large-scale dis-
ease risk prediction due to deficiencies in the organization and/or extent
of genetic risk .knowledge [33]. Currently, the majority of genetic disease
databases use free text for disease information (rather than a more struc-
tured format) and thus are not suited for large scale computational analyses.
Due to this deficiency, we created a D-GRIP DNA-Disease database for the
testing of the system. The DNA-Disease database contains information per-
taining to a limited set of complex diseases. The information represented
primarily includes validated markers (SNPs) either confirmed in multiple
studies or emerging from studies performed with samples from large num-
bers of participants.

For each available disease, the DNA-Disease database contains associ-
ated and validated SNPs. For each SNP, the case and control allele and
genotypic frequencies from different populations is recorded. We decided
to model the information in the database on an existing system, AlzGene,
which was developed for genetic markers predictive for Alzheimer’s disease
risk [5]. AlzGene was created to house the results of a meta-analysis for
each polymorphism with known genotype data in at least three case-control
studies. For each polymorphism, allele and genotypic frequencies on a per
population basis are provided in a well organized structure. In addition to
Alzheimer’s data, the D-GRIP DNA-Disease datébase contains information

from a Parkinson’s disease database (PDGene), created by the developers
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of AlzGene [1]. The data for Diabetes Type II was manually extracted from
a recent large scale genome wide association study [37]. A summary of the

contents of the database is represented in Table 2.1.

Diseases Number of Genes Number of Polymorphisms
Alzheimer’s Disease 38 : 76 '
Parkinson Disease 8 . 17
Diabetes Type 11 5 8

Table 2.1: A summary of the number of genes and number of polymorphisms
for each of the diseases in the DNA-Disease database.

2.2.3 Disease Risk Model

The implemented statistical model in D-GRIP was defined by Yang ét
al. [44]. The original model includes. two steps. First, a likelihood ratio
was calculated using logistic regression and then a posterior probability of
disease was estimated using the likelihood ratio. The likelihood ratio is de-
fined as the ratio of the probability for an individual With a disease to have
an observed genotype to the probability for aﬁ individual without the dis-
ease to have the genotype [44]. While full details can be obtained in the

cited paper, a brief summary follows.

Likelihood Ratio

For an individual with a set of genetic tests, G, where G is a vector of n
disease susceptibility genes or alleles (g1,92,...,9n). Let g; = 1 for positive
genetic test result and g; = 0 for negative test result, then, let the individual

who is tested for one allele be represented as a combination of Os and 1s.
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Also, let D represent the diseased (case) population and let D represent
the non-diseased (control) population. Then, the likelihood ratio for any
observed value of G can be defined as:

_ P(GID)
~ P(GID)’

LR(G) (2.1)

As stated, G is a set of genetic tests G = (g1,92,. . ..,gn). The implemented
model assumes that each genetic test is acting independently, thus the joint.
probability of a given result is the product of the individual probabilities,
P(G|D) = P(g1|D)P(g2|D) ... P(gs|D). This is also true for P(G|D) and
thus it follows that LR(G) = LR(gl)LR(ggj ... LR(gn). Thus, the likelihood °
ratio for a panel of independent tests is simply the product of the likelihood
ratios of the individual test results. The assumption of independence will
be discussed in a later section.

Since the DNA-Disease database contains case-control studies from var-
iéus populations for each disease, a logistic model can be used to estimate
the likelihood ratio. For a binary disease outcome (D = 0,1), for a logis-
tic model in the population, logistic regression can be used to calculate the
likelihood ratio from case-control studies in a population, as follows:

InLR(G) = In (12) + acc + BC”, (2.2)

Nca
where acc and (3 are the intercept term and the logistic regression coefficient
df the odds of developing the disease respectively. N¢ 4 is the number of case

subjects in the study sample and N¢o is the number of control subjects in
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the study sample. It is worth nothing fhat the likelihood-ratio calculation
assumes each gene is acting independenvtly. However, realistically, gene-
gene interactions and gene-environment intera'ctionsvsho'uld be included in
the model. The likelihood-ratio equation (Equation 2.2) can be modified
by including a vector of covariates as well as interaction effects of multiple'
binary tests (gene-gene or gene-environment interactions). However, for -
brevity, the equation is not shown here and for pfototype development, is

not used in D-GRIP.

Posterior Probability

The statistical model usés a set of genetic tests to predict the probability that
the multifactorial disease will develop in people with allele-positive result,
or P(D|G). By using the a pretest risk of disease, P(D), or the average risk
of disease in the population, the posterior probability can be defined as: |

LR(G)P(D)

P(D|G) = [1 = P(D)] + LR(G)P(D)

(2.3)

2.2.4 Haplotype Data

In addition to utilizing validated disease associated variations, we incorpo-
rated the usé of haplotype blocks in the statistical model. Fér each of the
SNPs that are associated with disease in our DNA-Disease database, we
extracted SNPs (1IMb on either side), in corresponding HapMap popula-
tions that were in high linkage disequilibrium (threshold of r?2 > 0.8 [2)).
To extract the HapMap SNPs and linkage disequilibrium values, Ensembl

(build 45) was used. Due to the complexity involved in defining and classify-
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ing populations, a simplification was made when incorporating the hapmap
data: the populations from the HapMap project were generalized to match
the populations found in the DNA-Disease database. The population cate-
gories from the DNA—Disease database were Caucasians, Asians, African and
other/Mixed. The corresponding matches from the HapMap project were
European ancestry (CEPH) grouped as Caucasians, the Tokyo (JPT) and
Han Chinese (CHB) ethnic groups represented as Asians and the Nigeria
(YRI) ethnic group matched to Africans.

D-GRIP uses the HapMap data in two different ways during the gen-
eration of a disease risk profile. First, for the reported disease-associated
SNP, an integrated analysis is performed in which multiple disease associ-
ated SNPs in high linkﬁge disequilibrium (LD) are clustered together during
the probability calculation. Rather than treating these high LD SNPs in-
dependently in the calculated overall disease probability, a simplification is
made. The SNP with the highest effect (highest odds ratio) is used to rep-
resent the other SNPs in high LD and thus only one SNP (with strongest
effect) is used in the posterior probability calculation.

- Second, an inferred analysis is reported with the observed genotypes in
the final risk profile output. The inferred analysis reports SNPs that were
present in the user’s genotype but did not have a direct association to a
disease. These inferred SNPs are in high LD with known disease associ-
ated SNPs which are pres’ent'in the DNA-Disease database. The Hapmap
Genome Browser (Release 21) [40] was used to extract the phaééd geno-
type data. Sﬁbsequently, Haploview (version 3.32) [3] software was used

to calculate the haplotype blocks, using the default method on Haploview
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software for haplotype block calculation, in order to infer phasev information.
Since the inferred analysis is highly predictive in nature and untested, it is
* provided as an option for the user, which by default is turned off during anal-
ysis. Also, the inferred SNPs are not used in overall posterior probability

calculation.

2.2.5 Software Evaluation

After a working prototype was created, D-GRIP underwent a series of crit-
ical evaluations. The evaluation was structured as a survey where D-GRIP
was demonstrated to experts. and their feedback was reéorded. A total of
21 scientists, cliniéians or counselors were surveyed including clinical geneti-

cists, molecular geneticists, biostatisticians and genetic counseling students.
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2.3 Results

A walkthrough of D-GRIP illustrates the user interface features as well as
the underlying DNA-Disease database. Figure 2.2 shows the first page of
D-GRIP after the user logs in. The opening page explains how to use D-
GRIP and warns the user via a disclaimer which outlines the assumptions
and limitations of D-GRIP. Upon clicking the *Use D-GRIP’ link, the user
is presented with a form to solicit demographic information and options
regarding the analysis. In this examplé, suppose the user is a male, 47 years

old from European ancestry and inference analysis turned on (Figure 2.3).

By
o
- : ;’? &)
%! A 35 4
v % i ¢ Rl g
DNA Genetic Risk Information Profile
Welcome "Test'
Home
Disclaimer This web site provides g tood for predicting o genetic risk profile for a person by utlizing genctype informaticn,
Use D-GRIP
. Getling Started:
Lz cunt

1. Click an the ‘Use D-GRIP' link.
2 Upload u genckype file or copy/paste duta ime the fvm.
‘A, Click on Culeulute Risk.

Note: Tips are provided anywhere & appears. Bring cursor over lo see tips.

Disclaiimer

. His assumed he-system is used in-a guided selting.

(%

Al intormution provided by you Cthe user!) isussumed w be securite. Forinstance, ethiic:background pn‘n‘itled by-the
user is assumed to be accurate wr the-best of the user's knowledge.

-~

D-GRIP predicts risk of developing disease bised on pépulation information collected from Titerature,

4

. The oweradl probubility of developing a disease is caleulated assuming all susceplible alleles/genes are acting
independently within Jiseases and across diseases.

»

The system dves not swre any user-provided data ie.g. genotype and demaographic data).

2006 Waserntan 1. by

.

Figure 2.2: The opening page of D-GRIP is shown. The instructions on
how to use D-GRIP and a disclaimer explicitly stating the assumptions and
limitations inherent in D-GRIP are shown. :
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'Inpul user detuils

Demugraphlc Information
Gender® & Male € Femule
Year of Birth® . |l96_0
Eihnic Buckground® . Europe - # &
Configuration O ptions
Inference of:Genolypes. ‘ 12 click w wrn OH‘ &

B T T T L L T ey

Mundatory fiells muarked *

Figure 2.3: The first step in using D-GRIP is illustrated, where the user’s
demographic information such as gender, age and ethnicity is collected. The
hypothetical example above shows a male, 47 years old from European an-
cestry. The inference option is turned on (checked).

After clicking ’next’, the user is asked to submit genotype data. Two
options are available, copying and pasting the data into the submission box
or uploading a genotype data file. The file formats supported are Illumina’s
Finalv format or Affymetrix’s Text Output format. In order to illustrate the
underlying DNA-Disease database, sample genotype files were created. One
such sample genotype file is shown in Figure 2.4 which shows 13 genotypes,
all of which are heterozygous for particular SNPs from each of the three
discases. After loading the genotype data, the user clicks on ’Calculate
Risk’.

The last step is the output page which displays a disease risk profile
report. As seen in Figure 2.5, for each disease, the associated gene, SNP,
genotype and population is reported along with a list of scientific articles

supporting the association between disease and genotype. In addition, for
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Figure 2.4: The second step in using D-GRIP is illustrated here. The user
has a choice of copying and pasting the genotype data or uploading it. For -
ease of use, various hypothetical sample genotype files were created to illus-
trate D-GRIP. The above example contains the 13 highly significant geno-
types which are heterozygous for each disease in the DNA-Disease database.
A description of the pre-loaded data is shown in the ’'Comments’ box.
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each disease, the background probability and the calculated probability are
indicated. For example, based solely on genotype, a 47 year old male from
European ancestry is reported to have a slightly elevated risk (7.0%) of
developing Diabetes type II given that the background probability in the
Caucasian pdpulation ié 5%. In figure 2.6, further details for each SNP are
shown such as risk and major genotype, genotype frequencies for case and
control populations, odds aﬁd likelihood ratios and confidence intervals. In
this example, SNP rs7903146 from gene TCF7L2 for Diabetes Mellitus type
2 is shown. Links to relevant resources such as GenBank, OMIM and db-
SNP are available when clicking the gene, disease name and SNP identifier
respectively. Also, after clicking on the overall probability row, an inte-
grated analysis is shown which combines disease associated SNPs that are
in linkage disequillibrium according to HapMap data (figure 2.7); Lastly,
inferred SNPs are shown separately under each disease. The overall proba-
bility calculation is done only once, using observed SNPs and the inferred
SNPs are not included in the calculation due to their speculative nature.
The evaluation of D-GRIP was performed by surveying experts in the

field. The feedback was recorded and is presented in Appendix A.
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Aliheimer disease background population probability. 10-%
overal] caleulated probability 25.65 %

Inférence Analysis L2

Diabetes Mellitus type 2 background population probability 3 96
overall cakeulated probability 7 %k

Inference Analysis @

Parkinson: disease background populition probability: "2 &

overdll caleulited 'pr’db';ib'i_lily 2.14 %

Figure 2.5: The last step shows a tabular result for any single nucleotide
polymorphisms (SNPs) found to be associated with a disease in the user’s
genotype data.
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Alzheimer disease background population probability 10 %

overall calculated probability 25.65 %

17293876

Inference Anal

Diabetes Mellitus type:2 background popualation probability 3%
overall caleulated probability 7 5

Figure 2.6: More details are shown for each' SNP. As an example, details
for SNP rs7903146 is shown from gene TCF7L2 from Diabetes Mellitus type
II.
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Inference Analysis .

Diabetes Meltitus type 2 -SLC3DAR rs 13266634 TIC Caucasian 1:18 7293876
Diabetes Mellitus type 2 LOC387761 rs7480010 A/G Caucasian 114 17293876
Diabetes Meluus type 2 background poapulaton probability S %
averall coleulated prohability 7 %
User details Inteprated Analysis
Age 47 SNP used in probability SNPs in high linkage
Gender Male ’ calculation discquilibrium
Ethnicity Europe 111037909
o rs 11037909 rs1113132
rs3740878

Buackground probability - deétails |
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43 S
60 15%

Figure 2.7: Details of overall probability calculation, integrated analysis
and inferred SNPs are shown for Diabetes Mellitus type 2 disease. The inte-
grated analysis indicates which disease-associated SNPs are in high linkage
disequilibrium (r? > 0.8). For SNPs in high LD, only the SNP with strongest
effect (highest odds ratio) is used in the overall calculated probability.
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2.4 Discussion

2.4.1 Limitations

In the current state of information and implementation, D-GRIP has sev-
eral limitations. A key limitation is the narrow scope of the DNA-Disease
database. The scarcity reflects two key causes: lack of organization of
genotype-phenotype data and the small number of confirmed markers for
risk. Even though numerous studies report new DNA marker-disease asso-
ciations, there bis a shortage of databases that organize such information in
a comprehensive and computationally accessible manner. Databases such '
as AlzGene [5] and PDGene [1] are rare examples of organized genotype-
phenotype data which are continuously updated when new studies are pub-
lished and are easy to use computationally. More such genetics databases
are required for other common diseases [33]. It should be noted that nu-
merous databases provide information about genetics and disease, such as
OMIM (15] and HGVbase [16], but the information is not sufficiently gran-
ular and/or formatted to ‘incorporate into the risk calculation procedure of
D-GRIP. The second problem, the scarcity of confirmed predictive mark-

ers will soon be ameliorated as the rate of publication of such studies is

“accelerating.

Another limitation of D-GRIP resides in the statistical model. There are
several issues regarding the statistical model. When a posterior probability
is calculated using the ohserved SNPs which are associated to a disease,
each genetic test (SNP) is assumed to be acting independently. This is a .

very simplistic view and does not realistically capture the underlying disease
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process. In order to partially circumvent this limitation, we included haplo-
type information in the analysis. By including an integrated analysis where
if observéd SNPs in the output were found in linkage disequilibrium, only
the SNP with strongest effect is inclﬁded in the posterior probability cal-
culation. Again, this is a simplification which is warranted since we could
not find other existant suitable statistical models that incorporate haplo-
type data for risk prediction of disease with SNPs. Furthermore, the lack of
consideration for gene—gene interactions and gene-environment interactions
is another limitation. Even though the model allows for incorporation of
interaction effects, for simplicity, D-GRIP does not utilize that feature.

A second issﬁe with the statistical model is lack of incorporation of age
and gender during risk calculation. Even though we require the user to input
such demographic information when calculating risk for a pérticular disease,
this information is not utilized. In order to use demographic information
appropriately, we require the age and gender distribution for each of the
individuals in the case-control studies stored in the DNA-Disease database.
Since such raw data are unavailable, a simplification was used. D—GRIP uses
a different prior probability (background probability) for specific diseases
(e.g. Alzheimer’s disease) based on the age of the person. In order to
alleviate this scarcity of raw data, currently efforts are under way at the NIH -
to archive and distribute more detailed information on upcoming genetic
association studies. The database, dbGaP is designed to house genetics
studies dealing with genotype-phenotype interactions and provide all study
documentation as well as pre-computed analysis [30].

Currently, no family history or medical history is used for predicting
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risk of disease. Incorporation of family history has been shown to improve
the p.redictive accuracy of risk models [11]. Thus future versions of D-GRIP
should incorporate family history in the risk model. For any prediction based
software, rigorous validation regarding specificity, sensitivity and accuracy
is required; Currently, no such validation is performed due to insufficient
number of diseases in DNA-Disease database as well as the unavailability
of raw genotype data from individuals for testing. D-GRIP was evaluated
. through a survey in which D-GRIP was demonstrated to various experts in
genetics-related field and feedback was recorded. The conclusions‘from this

form of evaluation are discussed in the next section.

2.4.2 Ideal Software

Based on the coﬁclusions drawn from the prototype system and feedback
from experts, the features and functionality of an idealized software system
can be outlined. The i'nput features of a system should include, as in the
prototype, demographic information collected from the user and in addition,
an option for collecting family history of any diéeéses and relevant environ-
mental exposures {e.g. cigarette smoking). Also, the genotype parser should
be flexible and accommodate various file formats. Preferably, an widely ac-
cepted file format standard should be established for genotyping data which
are releaéed from platforms such as Illumina and Affymetrix. By having
a standard ﬁlé format, exchange of genotyping data across studies will be
more efficient. Lastly, user information on non—SNP variants, such as inser-
tions/deletions, copy number variations and large-scale structural variants

should also be accepted.
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At the core of the software, the. ideal DNA-Disease database will contain

information for as many common diseases as possible. There are two ways

to populate such a database. One, create a meta-analysis engine for each
disease. When new studies are published for a diéease, they can be added
to the database and then meta-analysis re-performed over all the studies for .
a specific disease. This would require continuous updating of the database
each time new disease associated markers are found. In the second approach, ._
genotype-phenotype data would be extracted from disease-specific databases
such as AlzGene aﬁd PD Gene, but currently, such disease specific genetics
databases, of suitable format are rare.

Based on recommendations from biostatisticians, an idealized softwaré’s
statistical approach would include a unique model for each disease (or a
range of optional models). Since common diseases are varied and complex,
it is crucial to have rigorously tested and validated statistical models. In
addition, the statistical models will need to incorporate gene-gene interac-
tions as well as co-variates such as exposure to environmental or behavioral
factors.

The user interface, both the input and output of an ideal system will
have to be tailored towards the audience. For example, the current dis-
ease risk profile report generated from D-GRIP is intended to be read by a
trained user such as a genetic counselor. If one were to target use to family
physicians, as suggested by one survey participant, it might be more suitable
for'the output to highlight links to information about prevention. Appro-
priate trainingv will be required for any user of such a system, be it genetic

counselors, family physicians or individual subjects. Lastly, it was highly
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recommended by the respondants that access to D-GRIP-like tools be re-
stricted - the mixture of complicated interpretation of risk and opportunity
for the generation of undue stress on the recipient of information combine
to warrant limited user access for the near-term. As a iast comment, the
average consensus from the feedback for when such an ideal system could

be accepted and used clinically was between 5 and 10 years.

2.4.3 Implications

There are many societal, ethical and legal implications involved with using
D-GRiP. The immediéte issues are discussed here and potential directions
are presented. One of the pressing questions deals with data protection. The
same level of protection should be prpvided for genetic data as for sensitive
medical data, that is, confidentiality and privacy. In addition, the individ-
ual’s rights should be respected everytime such a tool is used in professional
setting. Currently, D-GRIP ensures protection of the user’s rights by not
storing any user specified information (demographic and genotype) and en-
sures confidentiality via anonymous submission of genetic data. However, in
the long-term it would be more appropriate for a continuous analysis engine
to reassess the DNA each time a new genetic risk marker was deposited into
the database. Therefofe, encryption and privacy features are required in
such a tool.

There is much research needed in how to present and explain genetic
risk information to individuals [10]. The effect of inappropriately explaining
risks can lead to demoralization and uhnecessa'rily increased anxiety, both

of which can decrease an individual’s ability to change risk-related behav-
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ior [28, 42]. Also, most people find probabilities and relative risk information
difficult to comprehend, in part due to poor presentation of statistics [20].
Thus, it is recommended to use standard vocabulary, use a common denomi-
nator when explaining odds, provide both positive and negative perspectives
and use visual aids for probabilities [31].

Genetic testing fér affected or at risk individuals creates serious ethical
dilemmas. Concerns such as discrimination from employers and insurers and
fear of discrimination can deter individuals who could benefit from genetic
testing. It also remains to be seen how third-party use of genetic information
and potential will impact the use of predictive tools such as D-GRIP. These
issues will have to be discussed énd addressed by governments, industries

and the public in a transparent manner [22].

2.4.4 Conclusions

The creation of the D-GRIP system for genetic risk prediction was intended
to identifyvbioinformatics, statiétical and scientific challenges that must be
addressed to create predictive systems of clinical utility. The major bioinfor-
matic limitation is the lack of available data in terms of strongly predictive
susceptibility alleles for complex diseases. This is in part due to the lack
of organized and computationally exploitable disease databases for complex
disorders. The major statistical limitation is the calculation of risk given
large-scale genotype data (e.g. incorporating haplotype information into the
analysis). The major scientific limitation, despite the flurry of association
sfudies, is our limited understanding of cdmpléx diseases and how various

genes interact with each other and the environment. Any proposed predic-
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tive model (be it for a single disease or a general model) will have to undergo
rigorous testing and evaluations in order to ensure clinical utility.

When the proposed limitations are overcome, useful and beneficial pre-
dictive software can be created and implemented. The key features include:
incorporation of genotype data along with family history of disease, a contin-
uously updated DNA-Disease database with a meta-analysis engine, disease-
specific risk models which have been validated and user-oriented risk profile
reportjng. The use of the software will be under a guided setting, with
potential users being genetic counselors and family physicians. Regardless
of the user, appropriate training in using the software and interpreting the
output will be a necessity. Lastly, implications such as privacy and confi-
dentiality of genetic data, appropriate explanations of risk, discrimination
towards individuals via third parties, effect on public health policies and
public education are all important challenges to be addressed before imple-

mentation of such a predictive tool becomes a reality.
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Chapter 3

Conclusions and Future
Directions

3.1 Further Observatioﬁs

One of the most important observations noted during the D-GRIP develop-
ment and testing was the lack of computationally efficient organization of
existing and new discoveries in the genetics field [5, 10]. There has been an »
explosion of data from the recent progress in disease genetics field, and even
~though currently there are many types of mutation databases, the progress
towards creation of new databaées has been slow. The challenges involved
are often technical in nature, such as, gathering, exchanging, integrating
and interpreting the disease-related information. However, arguably the
lack of targeted funding and the inherent bias towards making new discov-
eries rather than managing existing data are one of the main underlying
problems [10]. |

In order to overcome the technical limitations of creating a comprehen-
sive, computationally exploitable genotype-phenotype database, a few goals
must be met. For easy computational access, complex phenotype data mod-

els that extensively utilize phenotype ontologies will be required. By using

ontologies, a standard vocabulary can be established for use of terms, which
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will help integrate various types of data and make analysis computationally
easier. Initially, the DNA changes related to phenotypes can be represented
in a structured and standardized way. Then, a basic framework for gath-
ering, integrating, analyzing and updating the stored information will be
required. Given the enormous amounts of data being generated, a system-
atic and standardized way to manage phenotype data will be a necessity,
which will require international cooperation and open access to anonymous
data. Ultimately, an ideal genotype-phenotype database will provide a sys-
tems biology approach where all information, such as that derived from the
genome, transcriptome, prc;teome and metabolome, pertaining to the con-
nection between genotypic differences and phenotypic consequences will be
‘recorded.

The second important observation that resulted from my work on D-
GRIP was the limited number of variants that are known to be associated
with complex diseases. Even though individual genome wide association
studies(GWAs) are publishing results for many diseases {12, 11, 1, 2, 4, 9],
most of the studies report only a few disease associated variants [3, 8]. In
addition, the reported effects of individual genetic variants associated to-
common diseases are small (risk ratios < 2.0). Although, it has been shown
" that the combined effects of a moderate number (fewer than 20) of common
genetic variants (with relative ratios < 2.0) could explain 50% of the burden
of disease in a pbpulation [13]; there are numerous challenges with genome-
wide association studies. These challenges include, for example, significance
chasing bias (including publication bias, selective analysis and reporting

bias), population stratification (due to heterogenous populations mixtures),
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4 misclassification of exposures and outcome, and the inherent problems that
include, faﬂure to detect gene-gene and gene-environment interactions, lim-
ited sample size, statistical power and false positive associations. All these
issues can lead to difficulty in finding biologically meaningful genetic asso-
ciations and thus slow the progress of understanding complex diseases.

In order to alleviate and infer true disease-associated variants from nu-
merous GWAs, standards should be established for presenting and interpret-
ing the accumulated evidence. Efforts by the Human Genome Epidemiology
Network (HuGENét) are ongoing in developing systematic approacheé for
assessing combined evﬁdence of disease associated variantsb. Thé approaches
include criteria such as biological plausibility, experimental evidence, sound
methods for conduct and analysis, and appropriate replication [8]. The op-
portunity to develop methods and standards for measuring, validating and
interpreting genetic associations will be high in the next few years and will

ultimately lead to benefit for individuals and population health.

3.2 Future Considerations

The goal of shifting the current medical paradigm from a reactive to pre-
ventative approach through personalized risk profiles appears within reach
long-term. The generation of genetic risk profiles is intended to improve
disease prevention by prompting at-risk individuals to take specific preven-
tative actions that usually involve environmental exposures, diet or other
lifestyle changes. However, before genetic risk assessment tools cén be used

in a clinical setting, an evaluation of the clinical utility of such tools needs
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to be conducted [7]

Clinical utility of a test refers to the likelihood a diagnostic test will lead
to improved health outcomes [7]: For individuals with positive test results,
the clinical utility depends on the availability, safety and effectiveness of
therapeutic measures. The recommendation for ensuring clinical utility for
any genetic test is to consider the clinical and social outcomes of the test.
Clinical outcomes depend on effective changes in lifestyle due to positive
test result. The social outcomes depend on the psychosocial, ethical, legal
and social issues related to receix)ing a positive or negative outcome. Both
clinical and social outcomes are important because they both contribute to
the net balance between benefits and harms of génetic testing [6]. Thus,
future evaluation of genomic profiles should encompass and clearly address
_validity of the test, clinical utility and social utility of the test.

Regardless of the intended audience for a génetic risk profiling software,
two crucial criteria are necessary for providing a genetic profile test. First,
due to the still limited knowledge about clinical implications of such tests,
the benefits and limitations of the tests should be clearly explained. Such
limitations should be explicitly addressed, and individuals who provide tests
should disclose what is known and not known about the test. Second, the
tests should be offered in a controlled environment such that individual test
takers are counseled about the results and implications of the tests. By
having transparency when providing the genetic profile test and counseling
the individual test taker, informed decisions can be made by health profes-
sionals, patients and'general pubic.

Lastly, consensus needs to be achieved on when genomic profiling has
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achieved ‘an acceptable standard in a clinical setting. In the future, ge-
nomic profiling will likely become common and thus the level of evidence
that justifies clinical use of genomic profiling requires careful thought. It is
recommended to develop an accepted process that incorporates defined pro-
cedures for evaluating evidence and reaching éonclusions that include input

from clinicians, health care payers and consumers.

3.3 Conclusion

Given the advent of new genotyping technologies and the rapid new discov-
ery of new disease associated variants, exlperts have predicted that future
medical care will become more personalized and geared towards disease pre-
vention. We created a prototype web tool, called, DNA Genetic Risk Infor-
mation Profile (D-GRIP), which predicts disease risk profiles based on an
individual’s genotype. The project outlined the current bicinformatic and
scientific limitations involved in creating a genetic risk assessment software
‘and addressed the main issues involved in the creation, evaluation and util-
ity of such a tool in a clinical setting. By overcoming the major limitations -
and addressing the important issués, a viable and useful genetic risk profil-
ing software is plausible in the future and thus will lead to a change in the

- way medicine is currently practiced.
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Appendix A
Feedback from Experts

A.1 Questions

The set of questions asked to each type of expert (clinical geneticist, molec-

ular geneticist, genetic counselors and biostatisticians) are listed below.

1. Any comments on the user-interface of D-GRIP?

e The input page?

e The output page?

2. Any comments or references to available risk models that predict risk

based on genotype data?
e How to include age specific risk prediction without raw data?

3. How should an ideal system handle various compiex diseases? -Treat

each separately with disease-specific risk model?

4. The system shows a very fatalistic view. Do you think we should

include more positive news?.
5. Who could be a potential user of D-GRIP?

e Genetic Counselors?

° Family Physicians?
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e Insurance companies? .
e Lay public?
e Yourself?
6. How many years down the line can you see this being used (respectively -

for each of the potential users from previous question)?

7. Do you think we should store people’s genotype data? What about

family doctor’s storing their patient’s genotype data?
8. What are some of the implications you see from using such a system?

e Personal implications?
‘e Effect on patients?

~ e Societal implications?

9. In what journal can you see this type of paper being published?
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A.2 Feedback

A summary of the feedback provided by several experts is detailed below.
The experts consisted of two biostatisticians, two molecular geneticists, five
clinical geneticists and 12 MSc genetic counseling students. The comments
and recommendations are categofized into various aspects of D-GRIP, for
example, user interface issu‘es regarding input and output features, core of D;
GRIP dealing with DNA-Disease database and risk prediction model, issues

pertaining to the users and any ethical, legal and social implications.

A.2.1 User Interface
Input and general usability

e Allow option for users to provide family history along with genotype

data.

e Ethnicity classification is currently biased. Provide two options, one
user-specified ethnicity and two, calculate ethnicity based on a verified
and reliable predetermined-determined markers from genotype data
provided. Consensus was to calculate the ethnicity but only when

calculations can be done reliably.

e When more data is available, allow input for copy number variantions

data.

e Provide a disclaimer that explicitly informs the user of all the limita-

tions and assumptions of the software.
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e As it is currently, keep the interface simple and easy to use.

Risk Profile Report

e Tailor the final risk report towards the intended user. Currently, the
view is more geared towards genetic researchers and counselors. In
contrast, for a family' physician or a consumer, provide a 'Patient view’
where communication of probabilities and risk is done visually, links to
prevention and therapeutic options and any relevant links for lifestyle

and behavior changes are provided.

e Provide the option of restricting analysis to specific diseases, for in-
stance, diseases where prevention is an option versus where currently

no preventative options are -available.

A.2.2 D-GRIP Core
Diseases, DNA-Disease database

e Implement a meta-analysis engine for each disease so that whenever
new studies are published, the entire database is updated. In addition,
whenever such updates: are performed, create a notification system for -

users to inform them.

e Store gene-gene and gene-environment and epigenetic information in
DNA-Disease database. Data on gender and age related to diseases is

very important, especially for age-dependent diseases.
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e When information regarding copy number variations related to dis-

eases is available, store this into the DNA-Disease database.

e Also store intermediate phenotypes associated with markers in addi-

tion to disease associated markers.

Risk prediction issues

¢ Implement disease specific risk models so that each disease is treated
separately. Also, allow advanced users to choose multiple risk predic-

tion models for each disease.

e When data are available, incorporate gene-gene and gene-environment

effects into the respective disease risk models.

e Perform rigours validation of each predictive model and predkiction.
‘Show the results of the tests. pérformed, such as sensitivity, specificity, .
positive predictive values. Ensure validations of the prediction models

-is performed with genotype data that is not part of thg case-control
population data in the DNA-Disease database. Currently, such volume
of data for testing is not available so future versions will require this
feature. Also, provide links to studies supporting the risk predictions

models for respective diseases.

-A.2.3 Potential Users

e Genetic counselors are a good initial user for the software. During
initial deployment of D-GRIP, user training will be required so that

all limitations and proper interpretation of results is performed.
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Family physicians (or in a primary care setting) can be other potential
users. But training for family physicians on how to use and interpret

results from such a tool will be a necessity.

Potentially, general public could act as consumers of such a software.
But all implications will need to be addressed by health professionals,
governments and industry before such a software is released to the

general public.

Insurance companies could also be potential users but the many social,
legal and ethical implications will need to be addressed and a support-
ing framework will need to be implemented so handle third party use

of genetic data.

As mentioned, user interface of software should be tailored towards

the user.

The consensus was that currently, D-GRIP is ahead of its time. But
a similar software can be seen used in the next 5-10years time. How-
ever, better understanding of disease associated variants and reliable

predictions will be a necessity.

Until proper standards and prbcedures are developed to handle all the
ethiéal, legal and social implications, such a software should always be
used under'é guided setting where the counseled individual is explained
all the limitations and provide guidance in understanding the results

from such a software.
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A.2.4 TImplications

e As it is currently, there should be no user identifiable storing of geno-
type data. User genotype data can be stored only when the family
physician is the user and storing the patient’s genotype data. How-
ever, in the future, proper framework will be required to handle genetic

data management, to support privacy, confidentiality and anonymity.

e The level of care required in helping the general public interpret and

understand the results is enormous and should be done appropriately.

e At the current rate, not enough genetic counselors to support the
future demand for counseling of individuals wanting a genetic risk

profile.

o All necessary ethical, social and legal implications will need to be

addressed by the providers of such a tool.




Appendix B

D-GRIP User Manual

B.1 Introduction to D-GRIP

This user Guide assumes you have access to ‘D-GRIP since D-GRIP is a
closed and secure web tool. The guide explains the various features of D-
GRIP and provides a brief walk through. This guide is not intended to
explain the results of D-GRIP or how to interpret them.

The guide explains:

e The overall processes.

e Basic features that are available.

B.1.1 D-GRIP System

DNA Genetic Risk Information Profile (D-GRIP) is a genotype analysis
system that predicts an individual’s genetic risk profile based on the geno-
type. The system can take as input, observed genotypes of up to one million
positions of known single nucleotide polymorphisms (SNPs) in human pop-
ulations.

The flow of information in D-GRIP begins from the input of user data.

The user is asked to fill in demographic information (ethnic background,
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age and gender) and a genotype file which is parsed and temporarily stored.
Next, The system compafes the genotyping results to an internal DNA-
DISEASE risk database and for each disease, calculates a risk score for
developing the disease. Finally, a tabular output of potential diseases with

the relevant disease risk for the individual is displayed.

T T R T T e T S L R T
et U ser AUtNENtICAtiO Mg 7 5 3 e wi]

Username: .
Password:

‘Submit ]

Figure B.1: The entry into D-GRIP occurs with user authentication. A
valid username and password is required to access D-GRIP.
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B.2 D-GRIP Features

There are various features in D-GRIP andva detailed description of each with
illustrations is provided below. The page is laid out with a menu on the left
and all the relevant content on the right. The menu contains navigation
links to Home page (Figuré B.2), Disclaimer page, Use D-GRIP page, Help
page and link to Log out of D-GRIP.

L aé?f
: 1 RO
H . oA Vv
g 5 o : ;
it R e Al
DNA Genetic.Risk liiformation. Profile
Welcome ‘Test’
Home
Disclaimer © This web site provides a too) for predicting o genetic risk profile for a person by utlizing genotype information.
Use D-GRIP Gettinng Started:
Help . ,
1. Click on the ‘Use D-GRIP" link,
Logout 2. Fill in demographic information and click ‘next'.
3. Upload a genotype tile or copy/paste data into the form.
4. Click on Calculate Risk.
5. Please Log out when leaving D-GRIP
Notc: Tips are provided anywhere &-appears. Bring cursor over to sce tips. )
Disclaimer
b1t is assumed the system is used ina guided setting.
2. All information provided by you (‘the user') is.assumed 1o be aceurate. For instance. ethnic background provided by
the user is assuméd to be.acaurate to the best of the user's knowledge.
3. D-GRIP predics risk of developing discase based on populition informution collected from literature.
4. Theoverall probuability of developing-a discase is caleulated assuming all susceptible alleles/genes are-acting
independently within diseases ond across discases.
5. The system does not store any user-provided-dati (e.g. genotypeand demographic data).

% Wikdefriidn 1uY

Figure B.2: A snapshot of D-GRIP’s main page. The page describes in-
structions on how to use D-GRIP and outlines a disclaimer for the user to
read.
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B.2.1 Disclaimer

The disclaimer explicitly outlines the assumptions made by D-GRIP (Fig-
ure B.3). The disclaimer is shown on the first page, when the user accesses

the site. Also, a separate link is provided to view the disclaimer.

Disclaimer.

1. Itis assumed the system is used inw guided setting.

2. All information provided by you ('the user') is assumed to be accurate. I or instance, ethnic background provided by
the user is-assumed to be accurate to the best ol the user's knowledge.

3. D-GRIP predicts risk of developing disease based on population information collected from literature.

4. The overall probability of developing a discase is caloulated assuming "|II susceptible alleles/genes are acting
independently within discases and across discases.

5. The system does not store any user-provided data (e.2. genotype and demographic data).

Figure B.3: The assumptions made by D-GRIP are listed as a disclaimer
and shown here

B.2.2 Input

The input page can be accessed by clicking on the 'Use D-GRIP’ link in
the menu on the left. The input for D-GRIP occurs in two steps. First,
demographic information and conﬁguratlon optlons are presented. Next,

genotype data is requested from the user.

Demographic Information

Figure B.4 shows the first stage of the input. The mandatory information
requested from the user is Gender, Age and Ethnic background.
For the Age, the user enters the year of birth. For the Ethnic background,

the user should select the most appropriate option based on the geographic
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ancestry of the user. The options presented are: Af?ica, Asia, Europe,
Pacific, First nations/Aboriginals and Mixed.

The configuration option currently has one checkbox for ’inference of
genotypes’. The inference of genotypes utilizes the haplotype information
from the Hapmap Project Website to infer disease-associated genotypes from
the genotype data provided by the user. By default, the inference option is:
turned off (no tick in checkbox).

Once the user fills in the demographic information form, proceed to
loading genotype data by elicking the 'Next’ button.

Input user details

‘Demographic Information -

Gendor® © Male € Famale

Year of Birth¥ ‘ IYYYY

Ethnic Background* I Europe /1]‘ @

v R e .~ T S Ve SR b s % 8 L s e e W W TR iy £ G < e e e s s m e me e b o

Configuration Options  ~ - — === oo o e oo e e

I~ clicktotum On &

‘ * Next :l

B e e et e s bt < G S € A BN 2 e s < s et K & AT b b A 1 s S e e

Inférence of Genotypes
Mandatory fields marked *

Figure B.4: Demographic information and configuration options submitted
to D-GRIP are shown here.

Genotype Data

Figure B.5 shows how the genotype data can be loaded into D-GRIP.

There are two ways to load the genotype data. The copy/paste option
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allows the user to copy the genotype data and paste into the text area
prb‘vided. The mandatory fields for copy/paste form are file format, file
name and genotype data. After filling in the form, click on ’Calculate Risk’
button to generate the risk profile output.

Fér the uploading of genotype file, the mandatory fields are file format
and address where the file is stored. The user may use the 'Browse’ button
to find the genotype file on the hard drive. Note, the maximum allowed size
for the genotype file to be uploaded is 10Mb. This size limit can contain
genotypes for more than 1 million SNPs in the file. After filling in the form,
click on "Upload File and Calcillate Risk’ button to generate the risk profile
output.

| Currently, D-GRIP accepts two file formats: Illumina Final format and
Affymetrix Text Output. An example of the respective genotype file formats
are shown in Figure B.6.

- The Illumina Final format can be obtéined by generating a tab delimited
'Final Report’ when using the Illumina platform’s BeadStudio Genotyping
Module software. The only fields necessary are: SNP Name, Allele 1 and
Allele 2. The sample Id and GC score are not necessary for D-GRIP.

The Affymetrix text output can be obtained by using the SNP Export
feature in the Affymetrix GeneChip Genotyping Analysis Software and gen-
erating a tab deliﬁited output file. Again, the only fields necessary are SNP
identifier and SNP genotype (two alleles).

In Figure B.5, next to the copy/paste form is a box with 'Pre-loaded’
data. To illustrate D-GRIP, sample genotype files have been created and

can be loaded using this 'Pre-loaded’ data box. Simply select the particular
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C0|))'/P'a§tc or U])load genotypeinformation

Pre-loaded duta
Copy/Paste data o

Seleet tes genotype data tolond:

Mandatory fields marked ¥ :
il ) | Samplel ~| &
File format™ llllumina Final Format :] Get Sample l

File name* '

Inpul genotype data® [Data Hera)

CalculateRisk |

B T T T Y P S A T s T PUC U pU Y.

OR
Upload data

Pleasc-complete the form below. Mandatory fields marked

File format® llllumina Final Format :_j

Type (or select) Filename* l Browse... I @

Upload. and Calculate Risk |

D S T e

Figure B.5: Form for submitting the genotype data is shown here. The user
can either copy/paste the genotype data or upload a genotype file. A set of
sample genotypes are provided and can be loaded into the copy/paste form
by clicking on 'Get Sample’.
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[Header}

BSGT Version.
Processing Date,
Content,

Num SNPs,
Total SNPs.
Num Samples,
Total Samples,
[Data)

SNP Name,
.rs2018621
rs4845378,
rs1131706,
rs2847173,
rs12448760,
rs10915884,
rs1676885,

BNP. SAMPLE,
rs2018621,
rs4845378,
rs1131706,
rs2847173,
rs12448760.
rs10915884,
rs1676885,

2.1.10.30089
5/2/2006 12:54 PM
(GS0006968-0PA

26

26

1

1

Sample ID, Allelel - Top, Allele2 - Top, GC Score

Europe - HD01-01 - Northern European HDO1 - GM17001-NA17001,

Eurcpe - HDO1-01 - Northern European HDOl - GM17001-NA17001,

Europe - HD01-01 - Northern European HDO1l - GM17001-NA17001,

Europe - HD01-01 - Northern European HDO1 - GM17001-NA17001

Europe - HD01-01 - Northern European HDO1 - GM17001-NA17003,

Europe - HD01-01 - Northern European HDOl - GM17001-NA17001,

Europe - HDO1-01 - Northern European HDO1 - GM17001-NA1700L
(a) Illumina final format sample file

GENOTYPE. SCORE

Europe - HDO1-01 - Northern European HDO1l -

Europe - HDO1-01 - Northern European HDOl -

Europe - HD01-01 - Northern European HDO1 -

Europe - HDO1-01 - Northern European HDOl -

Europe - HDO1-01 - Northern European HDOl -

Europe - HDO1-01 - Northern European HDO1 -

Europe ~ HD01-01 - Northern European HDO1 -

GM17001-NA17001
CM17001-NA17001
GM17001-NA17001.
GM17001-NA17001,
GM17001-NA17001,
GM17001-NA17001,
GM17001-NA17001

(b) Affymetrix text output sample file

Popofor>

AG,
GG.

GG,
AG.
GG,
AA

FoOOR00

(=N N=ReloNo No)

63
54

.54

65
.89
.59

[=ReRelolelole)]

.6345
.5403
.6032
.5403
.6478
.8906
.5901

Figure B.6: The Ilumina and Affymetrix tab-delimited file formats for

D-GRIP. The respective column names are shown at the top.
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sample and click on 'Get Sample’. A 'Comments’ box appears describing
the sample file and the sample file appears in the copy/paste text area.

Genotype Sample 1 is shown in Figure B.7.

- P}u-lcnﬂed data

COP)'/P'RSt(‘ [ ] £ e e L e
Sclact lesi genofpd duta to lodd:

Mandatory fields marked ¥

Sample 1 __v_] &

File format® | Wgmina Final Format ¥ ‘Gor'Sample
File name® ’ : IIE'SfGE'”OIV’DfE'DEifél v
) —Commenis
Input genotype data™ Te7502146 Eurepa - HROL-Q1 - o] Sariple-1: Cancasian population
' Forthein Euiropsan HDOL - GHLT001°HAL7061 with szleciod SNPs from:all
e T .99 ’ gfé Aiseagasi-databose. Al genotypes
rallllgrs Europs - HDOL-OL - % are heterarvuous-for ench discase
i B ;, R T inh an
Worthern European HDGL - cMuoova.L?oOLgﬁ axdept Parkinsen dissase which are
A G 0.97 W limmozyneus. First five BNPs ane
raTo23817 Europe - HDOL-0L - " for Diahates Lypa ?,_ﬂc.\'l l'hr‘cq are
Morthern Europsan HDOL - GMIT7001-WA1700 Tor-Alzheimerand last (wo are Tor
£ a 0.946 Parkinsan's discuse. The lagt three
r51740878 Europa - HDOL-01 SNPsare far diabelesi2 SNIPs) and
Horthern Buropean HDOL - GMLTO01-HALTOGL{w Parkinson( ! SNC) bul usad fon
infenanme anehie Thase am in hiah

‘Calculate Risk

Figure B.7: Genotype sample 1 is loaded into the copy/paste form by
clicking on ’Get Sample’. A description of the sample genotype file are
illustrated in the ’Comments’ box. Co
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B.2.3 Output

An example output of D-GRIP is shown in Figure B.8. The output of D-
GRIP is table that shows user’s SNPs that matched disease—associated SNPs.
The table illustrates the disorder, gene, SNP and genotype associated with
the disorder, population in which the SNP 6ccurs, calculated odds rafio and

link to Pubmed for literature articles supporting the association.

Py

CPOMTI

Alzheimerdiscase background population probability
overall caleulated probability 25.65 %

starafie i) 1233
backgreund pepulation probability

overall caleulated probability

1%
bac

ground population probability

[
T :
o =
>

overall caloulared probabitiy

Figure B.8: D-GRIP risk profile sample output. The output illustrates
3 diseases, Alzheimer’s, Diabetes type 2 and Parkinson’s disease. The re-
spective associated SNPs with each disease is shown. The background and
overall calculated probability of developing the disease is also shown.
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The user can click on the gene name, and disorder name for external
links to genbank and OMIM respectively. In addition, by clicking on each

SNP row, more details about the SNP can be seen (Figure B.9).

Diabetes Mellitus. type: :

TERIL2 790G L UGY . Cavcdidi 1637 172938767

| Gdds Ratio.(95% Cl): -

* log Odd L

T lal v ey
Genotype Frequencies

12700017
I:38)

B e . fi\do'd;RQl;i"é;
N : CT ae ' Likelili 3 95% Cl:

Cise . 0:4%6 ©pas) . . ‘ Probability. ofidiscase based"
“Contfd), 0:419 0497 ' o this SN

Figure B.9: Details about one SNP from Diabetes type II disease.

' More details about the probability calculation for each disease can be
seen by clicking on the probability row (Figure B.10). If there are SNPs
found that are in high linkage disequilibrium (r? > 0.8) then integrated
analysis is performed where only one SNP from the .set of high LD SNPs is
chosen to be in the overall calculated probabiiity. This is illustrated on the

right side of Figure B.10.
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Diabetes Mellitus type 2 background population probability 3%
averat] Saleilated probability 7%
Userdetails - - ) Integrated Analysis
- Age 47 . SNP used in-probability ' SNPs in high linkage
CGender Male - . calculation disequilibrium
Ethnicity : “Europe rs11037909
T o rs 11037909 rs1113132
rs3740878
Background-probability details ' »

Age of Onset Bu;:l‘; ;ﬁoun d

(yrs) _probability
45 5%
60 15%

Figure B.10: Probability details for diabetes type 2 is shown here.

. If the inference of genotypes configuration option was selected, the out-

put will display SNPs from inference analysis.. An example of inferred SNPs

and their corresponding details is illustrated in Figures B.11 and B.12.
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Inference Analysis &

Diabetes Mellitus type 2 LOC3R7761 rs7480010 A/G Caucasian 14 17293R76.
Diabetes-Mellitus type 2 'SLC30AB rs13266634 T/C Caucasian 1.18 17292876
Diabetes Mellilus type 2 backgiound population prabability 5%

averall calculated probability T %

Fi.gure B.11: SNPs from Inference analysis for Diabetes type 2 are shown.
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Inferencé Analysis &

Diabétes Mellius type 2 LOC387761 rS7450010 NG

Inferred SNP details - - e s A

User's Genotype

SNP id:  rs4445619 SNP

tenotype: T/C
genetype Alleles.
Genolype

Genotype I:rcqucncy
Gene

Chromosome
Position

Hapmap population

Hapmap Phase data

SNP 1d Allele | Allele 2
rs7480010 A G
rA445619 T c

Disdase associated SNI Derails

Genotypes
, atistics
Risk genotype:  A/G Statisties
Major genotype: . A/IA Odds Ratio (95% CI): .14
log Odds Ratio: 0.13

Genotype Frequencies log Odds Ratio 95% CL

AG AA Likelihood Ratie:

Likelihood ratio 95% Ci:
Case 0.43(} 0.449
Control 0412 0.492

v

Caucasian

L aT9sTe

Hapmap SNP‘ Information

rsid5619
T.C
TIC
0.309

I
4220217R
. CSHL-HAPMAP:HapMap-CEU

(1.02.1.28)

£0.06
(0,02, 0.25)

1.07£0.0017
(0.99 . 1.16)

Figure B.12: Details about the inferred SNPs is shown. The details include
the user’s genotype, Hapmap data from which inference was performed and

the relevant statistics for the disease-associated SNP. -

80




Appendix B. D-GRIP User Manual -

B.2.4 Help Tips

Help tips appear as pop-up on the top right of the page. Whenever a blue
question mark icon is displayed, the user can bring the mouse over to the
question mark to see the relevant tip. This is done to help guide the user

when using D-GRIP. Examples are shown below.

Ethnic Background* Europe e

Majority of data in databasc is based on Coucasian ]
population. Thus, delault is Eurppean anceslry.

Figure B.13: An example of a ethnic background help tip is shown.

Inference of Genotypes I clickio tumOn &

When ‘Inference ol genotypes' option is wmed on,
any user genotypes that arc in high Hnkage
discquiibrium (r2 > 0.8) with discasc associated
SNPs are also reported in the generated risk prolile.
The reported inferred SNPs are not used in the
overall probability. calculation.

Click checkbox Wwaum anInférence Analysis option.

Figure B.14: An example of inference of genotypes help tip is shown.
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