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CHAPTER |

INTRODUCTION

With the recent advances in the human genomeqtrajel with the International
HapMap project adding information on millions of B&to the knowledge base, the
feasibility of applying large-scale and even genamde association studies for complex
disease and quantitative traits is fast approachiRgcent advances in SNP genotyping
techniques now support genome-wide profiling ofdreds of thousands, even millions,
of SNPs in parallel with proven accuracy. Thessnelogies allow for a hypothesis
generating approach to identifying disease asstialieles withoua priori knowledge
or candidate genes or regions. One obstacle iprhgression towards whole-genome
association studies for complex diseases and datwi traits is the high cost of projects
that are appropriately statistically powered fosaasation analysis. For example, if
disease associated alleles haveiaor allele frequency (MAF) of less than 0.1 and an
effect size less than an odds ratio of 1.3, thensdimple size needed for an association
study with a statistical power of >80% at a sigrgfice level of p-value < Pavould be
more than 10,000 cases and an equal number ofot®ofit}. While the natures of MAF
and odds ratios are not comprehensively charaeterior complex diseases and
guantitative traits, the sample size requiremantbé above example are not extreme. In
a 2007 review by Couzin and Kaiser, the resultsedferalgenome-wide association
(GWA) studies are listed [2]. Table 1summarizes these results with respect to sample
size, number of disease associated variants, anththeased disease risk attributed to

the variants.



Table 1: Review of Genome -Wide Association study results

Selected Genome-Wide Scan Results

DISEASE

Macular
degeneration

Inflammatory
bowel disease

Prostate cancer

Obesity
Type 2 diabetes

Heart disease

PUBLICATION

DATE

2005

2006

2007

2007
2007
2007

SAMPLE SIZE*

1700

4500

17,500

38,700
32,500
41,600

* Cases and controls including replicates.

GENES OR
VARIANTS FOUND

1 new gene

1 new gene

2 variants in same
region (1 new)

1 new gene
9 variants (3 new)

1 new variant

1 - - .
For highest risk variant.

APPROXIMATE INCREASED
RISK FOR HOMOZYGOTES

400% to 600%
120%
123%

67%
80%
25% to 40%

Couzin and Kaiser [1



In another review of currently known quantitativait loci (QTL), approximately
half of the candidate causal variants had MAFses§ lthan 0.05 [3], and the odds ratios
and relative risks of known disease associatedntioften occur in the range between
1.1 and 1.5 [4, 5]. Therefore, individually genatyp the thousands of individuals
necessary to achieve proper statistical resultiklaagpidly become a multi-million dollar
undertaking, prohibitive for all but the most higllinded labs.

A potential solution to the prohibitive cost oflimidual genotyping is to combine
genomic DNA from case individuals and an equal neimdd control individuals and to
genotype the pooled DNA. Pooling designs for assion studies of complex disease
such as Alzheimer’s [6], sudden infant death wisggnesis of the testes [7], and mild
mental impairment [8] have had promising resulwever, using pooling as a general
approach to identify complex disease associatedggesmains controversial.

While pooling has obvious advantages in that fegemotyping assays result in
substantial cost and time savings, questions ass® the ability to detect the causal or
associated alleles with small effect size and/ev foequencies in the pooled samples
versus the individually genotyped samples. Furthiee, characteristics of information
obtained relative to individual genotyping needbtoexplored in order to determine the
overall validity of DNA pooling for genome-wide a&sation analysis. In this study, we
propose to examine the feasibility of a pooling rapph for whole-genome association
studies of complex disease. Using a simulated mendataset, we will compare and

evaluate the advantages and disadvantages of DNWngoversus individual genotyping.



The genetic architectures of common disease aee résults of complex
interactions from multiple alleles, as well as gengironment and gene-gene
interactions. The allelic spectrum of complex d&e can be modeled as interplay
between the number of disease variants, the risas these variants confer, and the
frequencies with which they occur in the populatiofaking these factors into account,
the statistics of association studies and the pevirch they can bring to that study will
emerge.

Two models of the characteristic patterns of commop complex diseases have
been proposed. First, the common disease/commieantdoypothesis suggests that a
disease results from thaultiplicative action of several common variants. Unrelated
affected individuals have a significant proportmfrdisease alleles in common, hence the
term “common variant” [3, 9]. In the case of tmmultiplicative model, the combined
effect of multiple disease associated alleles dmunies exponentially as opposed to
linearly. In contrast, the classical disease loggemeity hypothesis (or multiple rare-
variant hypothesis) suggests that disease susti@pitdue to rare and distinct variants
in different individuals which contribute additiye]10]. Theadditive modebf complex
disease states that each disease associatedcalitdutes equally to the overall disease
risk. Studies have shown evidence for an additkaracteristic spectrum in some
cancers [11] and type 2 diabetes [12-14] and aipticktive effect in type 1 diabetes
[15].

There are two main methodologies for identifyirmmplex disease genes. The
first are candidate gene studies using either &dsmT or resequencing protocols.

Association candidate gene studies have the adyardhbeing relatively inexpensive



and are able to detect alleles with modest effieet given that these alleles are common
in the population (MAF>0.05). However, both asation and resequencing candidate
gene studies require prior information about geamection. The second approach for
identifying common disease variants is to use genwmde studies: either linkage
mapping or genome-wide association. Although gexonde linkage analysis has been
successful, its greatest power lies in identifyiMendelian diseases which are
characteristically monegenic and highly penetra6l.[ In contrast, complex diseases are
typically the result of multiple causal loci eachttwlow penetrance. Thus, linkage
studies for complex disease have had only limitectaess and limited reproducibility.
For example, disease variants have been foundflammatory bowel disease, which
account for a two-fold increase in risk in siblinds-20]. Yet it has been shown that a
greater than a thirty-fold risk increase existsrallefor this disease, pointing to the
existence of other genes not resolved by the liekstgdy design [21]. The power of
linkage analysis decreases sharply as effect ofpmmdisease genes becomes less
penetrant [22-25]. Linkage analysis is more poulethan association analysis for
identifying rare, highly penetrant alleles, butasation analysis is expected to be more
powerful for identifying complex disease alleleghwinodest disease risks [22]. Because
linkage analysis is done in families, the resultimegions of linkage correlating with
disease are relatively large, often on the ordetOaiM or more (~10 million base pairs).
Therefore, extensive candidate gene analysis (eitlgeresequencing or association
studies) must follow in order to find the causahgg within the linked region [16].
Genome-wide association studies offer the adventaly not needing prior

information about linkage or of candidate gene®ider to attain associated alleles in



complex diseases. In contrast to candidate gesedbstudies, genome-wide association
will be unbiased and, if designed properly, als@lyfacomprehensive in terms of
extracting a significant portion of the genomic isaon. A crucial advance made
possible through the HapMap project is the charaetiion of linkage disequilibrium
(LD) patterns on a genome-wide scale [26, 27]. Thisportant for indirect association
methods that use markers selected on the basiB.ofTlo be useful, markers tested for
association must either be the causal allele (dassociation) or in LD with the causal
allele (indirect association) [28, 29]. Roughly-80% of the genome falls into segments
of strong LD and variants with high LD are strongigrrelated with each other [30].
Most of the ~11 million common SNPs (MAF>0.01) imetgenome have groups of
neighbors that are all nearly perfectly correlatéth each other [28]. One SNP can
thereby serve as a proxy for many others in ancestson screenOverall, this suggests
that if patterns of LD are known for a given regiarfew tagSNPs can be chosen which,
either individually or in multimarker combinatior(taplotypes), capture most of the
common variation within the region [31, 32T hus, it has been proposed that much of
the common variation in the genome can be foungdmptyping a few hundred thousand
“well-chosen” SNPs [33, 34]. For the remainingctian of the genome that is not in LD
(20-30%), higher densities of variants must be dyp8uch a scan is estimated to require
two hundred thousand to one million markers to eghia reasonable likelihood that any
common SNP in the genome is usefully associateld atiteast one tagSNP [35]. Current
genotyping technologies make use of a “tagSNP”earedt approach such as Illlumina’s

“HumanHap” series of whole-genome beadchips.



Advantages and disadvantages of pooled genotypingrfgenome-wide association
analysis:

“In their simplest form, association studies comgpé#he frequency of alleles or

genotypes of a particular variant between diseases and controls.” (Wang 2005 [1])

The pooling approach lends itself well to assocratistudies as the allele
frequencies themselves are the results and outgup®oled genotyping. The major
benefit of DNA pooling is that it reduces the ambohgenotyping that is required to
estimate allele frequencies, as fewer SNP chipsusiieed. Additionally, as a direct
result of less genotyping, the time of analysislso reduced.Thus, the efficiency of
pooling is directly correlated with the number afrgples pooled.These pools could be
constituted from cases and controls for a disease or from individuals with values at
the two extremes of a quantitative traBtudies have been done where the optimal tails
of quantitative trait distributions have been ded\{36]. In a symmetrical design, taking
the top and bottom 27% of trait distributions amwlphg them extracts 80% of the total
information compared to individual genotyping foonamon alleles with an additive
effect [36]. These results do not generalize tessive or rare alleles however, in this
case an asymmetrical design is needed [37].

The degree of power conferred by pooling is highluenced by the effect size
of the causal variants. Alleles which have larglative risks will directly lead to large
differences in allele frequency estimates betweses and controls. However, there will
likely be small differences between case and cordhele frequencies in complex

disease because of the small increase in relasie resulting from modest risk alleles.



The ability to detect the real allele frequencyeatiénce is dependent on the differences in
allele frequencies between cases and controlsthendrrors and variances in estimating
them. This error in allele frequency estimates for pooling esnfrom two main sources:
sampling error and measurement error [38Jleasurement error results from “poor
quality DNA” which has degraded, or from platforrengtyping error. Measurement
error is present in both individual and pooled dgpimg. Sampling error results from
uneven DNA contributions to the pool from individsiaand platform errors in allele
frequency estimation. Proper DNA mixing can betoaled by careful measurement
and mixing of equal amounts of DNA into the poothwihe use of robotics and highly
sensitive DNA quantitation protocols such as Pieegr Increasing sample size reduces
sampling error, but not measurement error. Esg&thatlele frequencies from pools have
consistently been found to have standard deviatebtseen 2-4% due to errors resulting
from the genotyping platforms [38]. In the casecomplex disease where modest-risk
alleles with small effect size are likely, even #nadlele frequency estimate errors can
dramatically reduce the power of a pooled methagiololn a simulation study, it was
shown that the variance resulting from samplingrewas potentially more significant
than the variance resulting from measurement ¢8@t Thus, pooling designs have the
disadvantage of having an additional source ofremamely sampling error, which is not
present in individual genotyping.

One major disadvantage of pooling is that the Hgpb information is not
resolvable as only allele frequencies are deterthinyepooled genotyping. This actually
makes the term “pooled genotyping” a bit misleadirfgooled “allelotyping” has been

suggested as the allele frequencies are the rdsuftsa pooled experiment. There are



special circumstances where haplotype informatian be obtained from a pooled
sample. For pool sizes of less than 10 individges pool, it is possible to determine
haplotype frequency estimates using the expectatiaximization (EM) algorithm [40].
However, these are not true haplotypes in termth@fgenotype information and their
chromosomal location. Rather, the frequency esémaf the haplotypes in the sense of
the population.

A potentially useful outcome of the loss of happ®yinformation by pooling may
be realized. This inability to identify individu@lplotypes from a pooled DNA sample
effectively de-indentifies the individuals in thegded groups.

The high number of genotype tests involved in aledgenome association study
will certainly lead to many false positives. Ifiberal significance threshold of (p-value
<0.05) is used, approximately 5,000 false positwékresult from a 100,000 SNP gene
chip. Applying a more stringent p-value cutoff Bugs 5x10, (P-value = 0.05) which
has been Bonferroni corrected for 100,000 indepentsts, will lower the number of
false positives but also risks making the testiog $tringent and may lead to missed
associations. The ultimate choice of stringendpftus best left to the circumstances of
the experiment. This is an area of active resealdiree likely sources of false positives
are statistical fluctuations from random noise, erhdng systematic biases due to study

design, and technical artifacts.

Conclusions of introduction:
This study is firstly an exploration to address fhasibility of DNA pooling for

whole-genome association analysis of complex desead/hile previous research has



shown encouraging gains in efficiency by pooling &everal diseases (including
Alzheimers’) [5,6], this may be specific to the urat of disease in question and not
generalizable. There have also been well strudtdesigns to explore the impact of
genotyping and experimental errors in pooling desig terms of the change in sample
size needed to achieve valid statistical resul®$. [T he effect of genotyping error on the
haplotype frequency estimates has also been expli@]. To our knowledge, a
comprehensive analysis of the tradeoffs involvea ipooling design versus individual
genotyping has not been systematically addressédlditionally, there have been
limitations at generating complex disease modelghviare good approximates of the
diseases. Put simply, the previous generatiomenbdtype simulation software does not
allow for models with enough complexity to suffictly represent a complex disease.
This study aims to create and evaluate a more ampbdel of common disease. The
International Haplotype Mapping project (HAPMAP)shdefined the genome with a
much high degree of resolution than ever before 22635, 41]. Commercially available
genotyping platform technologies allow genotypenstag at progressively higher
densities. The convergence of technology and kexbgé presents an opportunity to

begin true genome-wide association analysis.
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CHAPTER Il

COMPLEX DISEASE MODEL MATHEMATICS

Pooled genotyping association testing statistic:

The appropriate test for this two-pool design wdokdto consider the magnitude
of the difference between the allele frequencynesties of the two pools in relation to its
variance. The standard Pearson’s chi-squared s=stnees that the variance of the
difference in allele frequency estimates is deteedi entirely by sampling variation
alone.This does not apply to pooling because the variavitebe inflated by sampling
and allele frequency measurement errors that ageifspto DNA-pooling studies [36,
37, 42-44].These additional errors can potentially increasenthmber of false-positive
association findings.

Equation 1shows the appropriate test statistic for allelésaziation for two

independent pools.

Equation 1:

Equation 1states that pooled association statistic tessngalculated by taking
the difference in allele frequency measurementshentwo pools (pand p), squaring
that difference, and dividing by the sum of twoiaaces (\{ + V). Vi is the variance in

allele frequency estimates due to platform measentrarror. \ is variance in allele

11



frequency estimates due to sampling error. Measeme error variance (Y of the allele
frequencies results mainly from the genotypingfplat itself [38] or by degraded “bad
quality” DNA resulting in genotyping errors. Sanmgl error variation (V) is attributed
mainly to unequal amounts of DNA used to constrttie pools by imprecise
guantification and inaccurate mixing, and by sigmalasurement error by the genotyping
platform. Both of these sources of sampling esi@w the allele frequency estimates.
Under the null hypothesis and with a two pooledgies?’ is approximately distributed
as a chsquare distribution with one degree of freedom [g#kjen a sample size of 100
or more [45].

Due to the nature of complex disease alleles Igagimodest effect size, it has
been shown that taking the mean association taigstgt for consecutive markers can be
more informative than single point association. ingsa moving windows approach
where consecutive marker groups of varying wind@e sre tested takes advantage of
the fact that markers in LD will be reciprocallyegictive of each other. If markers are
not in LD, permutation testing can be used in orgdernscertain the significance of a

window group [7].

Complex disease model characteristics:

There are two thoughts as to how the allelic prodif complex disease can be
modeled. These two models are not so much congpetiews as they are
complementary possibilities of how complex diseasght look at the genetic level.
Firstly, theadditive model hypothesizes that each disease associated atletabutes

roughly equally in terms of increased disease ask] that numerous instances of these

12



disease associated alleles have an additive ¢ffipciThis additive model is also termed
the disease heterogeneity model as the diseasmcigases linearly with the number of
risk alleles present.

The contrasting model proposed for complex disesatgemultiplicative model.
It states that disease risk increases exponentmlly increasing numbers of disease
associated variants present. Evidence for bothtiaeldand multiplicative types of
complex disease allelic spectra exists in the fidtdr example, type 2 diabetes has been
shown to display an additive characteristic of assecontribution by several alleles of
modest effect [14, 46, 47] while type 1 diabetes/ ib@ multiplicative[12]. In order to
build these two models into our genotype simulapackage (genomeSIM), penetrance
tables were constructed in order to representddéiae and multiplicative models. The
disease risk calculations for both the additive andtiplicative models have been set to
include a phenocopy rate of 10%. This is the dise&sk due to environmental factors,
as well as other non-genetic factors. A grapthefttvo types of complex disease models
taken from a review by Wang et. al. is showrFigure 1. It relates the probability of

disease between the two model types versus geertdtedness.

13



= Heterogeneity model

= GDCV model

=« Risk in population

Risk of disease

Genetic relatedness

Figure 1. Schematic representation of allelic spectrum of
Heterogeneity (Additive ) and Common Disease Common Variant
(Multiplicative ) complex disease models

Wang et. al[1]
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Complex disease models for construction of simuladegenotypes:

The method of calculating the disease probabigiues in the penetrance tables
was derived using a generalized relative risk mddelcomplex disease proposed by
Risch and Teng [48]. This genetic model servea gsneral framework for assigning a
disease penetrance to a corresponding genotypa.difease locus contains alleles “D”
for wild-type and “d” for a disease associated aat;i then the penetrance associated with
the disease genotypes can be represented as fDDDd =f1, and dd 2. Given this
representation, disease models can then be exgrasserms of relative penetrance or
genotypic risk ratios [22]. It follows that if thesk associated with the wild-type
genotype “DD” is fixed aff0=1, then the risk associated with a single diseadkete
heterozygote, (“Dd” #1), can be expressed relative to tbe Further, the risk associated
with two disease alleles, (“dd” f2), can also be expressed relative tofthand thefO.
The additive and multiplicative complex disease giedan then be defined in terms of
thefO, f1, andf2 penetrance values. For the additive model thadita f2 = 2(1) — fO]
describes the relationship. A multiplicative modeh be represented bfg [= f1%][48].
These models are for a single locus and allow épresentation of a three state model,
namely [DD =f0; Dd =f1; and dd =2]. So an additive model with a relative risk of 5
might be defined by the following parameters: OO 0.1) corresponding to wild type
genotype with a 10% probability of having the dsgaDd {1 = 0.5) corresponding to a 5
fold increase in disease probability given the gnes of one disease associated allele,
and if both alleles are disease variants, f@d=(0.9) calculated by application of the

additive complex disease model formuia$ 2f1)-f0] -> [f2 = 2(0.5)-0.1] ->f2 = 0.9.

15



Our evaluation applied the Risch and Teng complisgase formulas to a three
locus model involved a stepwise expansion of theerance function relationships to the
genotypes and consequent expansion of the modalufas themselves. A one locus
model will have 3 possible states correspondin@io = f0, Dd =f1, dd=2]. Expanding
this to a two locus biallelic model (genes “A” af8l') will give 9 possible genotypic
states [AABB, AABDb, AAbb, AaBB, AaBb, Aabb, aaBBaBb, aabb]. These 9 states are
the result of the 3 possible genotype states foh ed the 2 loci. The combinatorics
result from the number of possible states for dadillelic locus (3) raised to the number
of loci (2), [F=9]. Accordingly, a 3 locus model will havé 3 27 possible genotype
states. For this study, each of the model statespresented analogous to the Risch and
Teng model as a genotype and corresponding pecet@obability.Penetrance Table 1
shows a penetrance function in which the additive multiplicative disease probabilities

were calculated for the 27 genotypes of each model.
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Table 2: Penetrance Table 1 for Relative Risk Range.08 to 1.50

Uppercase [A, B, or C] denotes non-disease assedialiele
Lowercase [a, b, or c] denotes disease associaaeidnt allele

Heterozygotes for single disease variant locusligbted in yellow
Homozygotes for 2 disease variant allele locus liagked in blue

Disease Associated Disease Risk (Probability)

Locus
A B C Genotype Additive  Multiplicative
AA BB CcC AABBCC 0.1000 0.1000
Aa BB CC AaBBCC 0.1083 0.1070
AA Bb CcC AABDbCC 0.1083 0.1070
AA BB Cc AABBCc 0.1083 0.1070
aa BB CcC aaBBCC 0.1167 0.1145
Aa Bb CcC AaBbCC 0.1167 0.1145
AA bb CcC AAbbCC 0.1167 0.1145
Aa BB Cc AaBBCc 0.1167 0.1145
AA Bb Cc AABbCc 0.1167 0.1145
AA BB cc AABBcc 0.1167 0.1145
aa Bb CcC aaBbCC 0.1250 0.1225
Aa bb CcC AabbCC 0.1250 0.1225
aa BB Cc aaBBCc 0.1250 0.1225
Aa Bb Cc AaBbCc 0.1250 0.1225
AA bb Cc AAbbCc 0.1250 0.1225
Aa BB cc AaBBcc 0.1250 0.1225
AA Bb cc AABbcc 0.1250 0.1225
aa bb CcC aabbCC 0.1333 0.1310
aa Bb Cc aaBbCc 0.1333 0.1310
Aa bb Cc AabbCc 0.1333 0.1310
aa BB cc aaBBcc 0.1333 0.1310
Aa Bb cc AaBbcc 0.1333 0.1310
AA bb cc AAbbcc 0.1333 0.1310
aa bb Cc aabbCc 0.1417 0.1402
aa Bb cc aaBbcc 0.1417 0.1402
Aa bb cc Aabbcc 0.1417 0.1402
aa bb cc aabbcc 0.1500 0.1500

17




The penetrance values are calculated using annsixpeaof the additive and
multiplicative model formulas. Thé0 corresponds to the wild-type genotype of
“AABBCC” in which there are no disease associat®P$ present. The penetrance
probability for thefO is set in this baseline state as 10% to accounplienocopy and
other non-genetic factors. THe for the 3 gene model concatenates three analdgous
heterozygotes for each SNP, thus the genotype “GaBliepresents thé&l for the 3
locus model and has 3 disease associate allelesenpre It follows that thd2 is
represented by the “aabbcc” genotype, having thaqman possible 6 disease associated
variants. The formula proposed by Risch and Tesrgah additive common disease

model is shown ifEquation 2

Equation 2:

The penetrance values corresponding to the geestwere calculated for the
expanded additive model. The set of penetrandegitity endpoints were chosen to the
f2 genotype of “aabbcc” corresponding to all 6 allebeing of the disease associated
form in all 3 genes. The range of the penetrammpe@ints resulted in ten penetrance
functions being created. The endpoint penetraatges used the following probabilities
for the f2: [0.15, 0.20, 0.30, 0.40, 0.50, 0.60, 0.70, 0.8®0, and 1.0]. Thes®
endpoints were chosen to cover a range of relatsks between thé0 andf2 from

relative risk 1.5 to relative risk 10 if all 6 dibs are of the disease associated form.
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Knowing the probability values fO and f2 allows fderiving the f1 for the “AaBbCc”
heterozygote genotype for each of the ten penedrdmection calculations. This is

shown inDerivation of Equation 3and results ifEquation 3

Derivation of Equation 3:

(Equation 2)

(Equation 2 solved fdtd)

Equation 3:

For example, using the baseliife= “AABBCC” (with its penetrance probability of )
and fl = “aabbcc” with probability of 0.15, th& can be calculated and is shown in

Sample Calculation fdequation 3

Sample calculation for Equation3:
1" 17 $ "1# %%

The penetrance probability values for the remamgjanotypes were calculated by

stepwise filling in of the intermediate probabégibased of number of disease associated
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alleles present in the genotype. For each modebtgpe, the penetrance value was
calculated by taking the difference in the proliabg from thefO andfl, subsequently
dividing by 6 (the total number of alleles) and tiplying by the number of disease
associated alleles present in the genotype as shoveguation 4. The result is an
additively linear model of disease penetrance frhba with respect to the number of

disease associated alleles present in the genotype.

Equation 4: &

f=[f0+ ] * (humber of disease associated alleles)

The multiplicative model calculations were basedam expansion of the Risch
and Teng complex disease model. Their formulaafonultiplicative effect model in a
single locus of bi-allelic gene”A” yields three ise states, “AA”, “Aa”, and “aa”.
These genotype states and their corresponding iasmgenetrace probabilities are
represented byfQ, f1, andf2]. Therefore,fO = “AA” wild-type (and its corresponding
penetrace probabilityfl = “Aa” heterozygote with 1 disease associatedegliendf2 =
“aa” homozygote with two disease associated alletdls genotypes having a
corresponding penetrance probability. The assetigtenetrance probabilities of the

multiplicative model for a single locus model falidhe formula inEquation 5

Equation 5:'
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This formula was the basis for calculating the ggteance functions for a three
locus multiplicative model. As with the additiveodel, thefO representing the wild-type
genotype “AABBCC” having no disease associatedliedle ThisfO was set to a 0.10
penetrance probability, meaning a 10% diseasegnan no disease associated SNPs are
present. This is meant to account for environmeandl other non-genetic mechanisms of
disease contribution. The saf@erobability endpoints were taken as the additiveleh
[0.15, 0.20, 0.30, 0.40, 0.50, 0.60, 0.70, 0.8900and 1.0]. The penetrance values for
thefl were calculated by taking the square root of iative risk of thd2 with respect
to thefO, and then multiplying by the penetrance probabiht thefO. For example, in
thefO = ["AABBCC” with a penetrance probability of 0.8hd thef2 = [*aabbcc” with a
probability of 1.0], then the relative risk(f0) = 10. Thefl is calculated by taking the
square root of the relative risk and multiplyingthef0. This calculation form is shown

in the sample calculation féquation 6

Equation 6:

Sample calculation for Equation 6:
R F s "#l
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The penetrance values for the remaining genotygeesg 1, 2, 4 or 5 disease
associated alleles were calculated by taking tl#h sioot of thef2 relative risk and
multiplying by the number of disease associategled|present in the genotype as shown

in Equation 7andSample Calculation for Equation 7

Equation 7: &

Penetrance probability for multiplicative complesehse model =

" $% # & ' —(

Sample calculation for Equation 7:
( ! "I# "]

Penetrance probability ='# $% # & ' —(

Penetrance probability =2 * 0.1 & ' —(

Penetrance probability =2 * 0.1 *
Penetrance probability = 0.2 * 1.468

Penetrance probability = 0.2154
Figure 2shows a graph of the penetrance function for addéand multiplicative

disease models with @8 = 0.10,andf2 = 1.0 The penetrance function for the graph is

shown inPenetrance Table 10
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Figure 2. Graph of penetrance functions for  Additive and
Multiplicative Complex Disease Models

Relative risk range 2.5 to 10.0
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Table 3: Penetrance Table 10 for Relative Risk Rareg2.5 — 10.0

Uppercase [A, B, or C] denotes non-disease assedialiele
Lowercase [a, b, or c] denotes disease associaaeidnt allele

Disease Associated Disease Risk (Probability)

Marker
AA BB CcC AABBCC 0.1000 0.1000
Aa BB CC AaBBCC 0.2500 0.1468
AA Bb CcC AABbCC 0.2500 0.1468
AA BB Cc AABBCc 0.2500 0.1468
aa BB CcC aaBBCC 0.4000 0.2154
Aa Bb CcC AaBbCC 0.4000 0.2154
AA bb CcC AAbbCC 0.4000 0.2154
Aa BB Cc AaBBCc 0.4000 0.2154
AA Bb Cc AABbCc 0.4000 0.2154
AA BB cc AABBcc 0.4000 0.2154
aa Bb CcC aaBbCC 0.5500 0.3162
Aa bb CcC AabbCC 0.5500 0.3162
aa BB Cc aaBBCc 0.5500 0.3162
Aa Bb Cc AaBbCc 0.5500 0.3162
AA bb Cc AAbbCc 0.5500 0.3162
Aa BB cc AaBBcc 0.5500 0.3162
AA Bb cc AABbcc 0.5500 0.3162
aa bb CcC aabbCC 0.7000 0.4642
aa Bb Cc aaBbCc 0.7000 0.4642
Aa bb Cc AabbCc 0.7000 0.4642
aa BB cc aaBBcc 0.7000 0.4642
Aa Bb cc AaBbcc 0.7000 0.4642
AA bb cc AAbbcc 0.7000 0.4642
aa bb Cc aabbCc 0.8500 0.6813
aa Bb cc aaBbcc 0.8500 0.6813
Aa bb cc Aabbcc 0.8500 0.6813
aa bb cc aabbcc 1.0000 1.0000

24




CHAPTER Il

METHODS AND MATERIALS: SOFTWARE, CODING, & BENCHMARS

GenomeSIM: genome simulation software

In order to generate the simulated genomes fostiy, genomeSIM was used
[49]. This software package is able to simulatgdascale datasets for either population
or case/control whole-genome association studig=nomeSIM is written in ANSI-C++.
User specified parameters can include the sizehefpopulation, humber of genes,
number of SNPs per gene, allele frequency rangemwfcausal SNPs, the minor allele
frequencies (MAF) for single or multiple causal SINRnd the penetrance function
probabilities for the disease associated allel#s.marked advantage in genomeSIM
versus other genome simulation packages is thatgarce functions can be specified to
a high degree of detail with multiple disease asded alleles to yield a variety of
disease models. Thus, a simple penetrance funafibra single locus or more complex
penetrance function incorporating multiple markeran be specified to generate
dominant, recessive, additive, or multiplicative mmdex disease models. Other
simulation packages were also considered for gaorraf the datasets. However, these
simulators do not easily allow for multiple SNP p&ance functions, limiting their
effectiveness for this particular study. Given tlag¢ure of complex disease where several
disease variants and the interactions between tletemmine disease status, genomeSIM
was chosen. Mainly for its flexibility in implemeng common disease models with

multiple disease associated alleles.
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There are two main modes of genomeSIM operatiat #ilow for either
population based or probability (case/control) daseation of datasets. The probability
mode was used for the creation of all genome datasethis work to simulate a
case/control study. A 3 locus disease model waated and used for all the study
evaluations. Minor allele frequencies (MAF) of Bielisease markers were given a fixed
value of 0.20 (unless otherwise noted); while ggeanf allele frequencies for the non-
causal SNPs were specified from 0.01 to 0.50. siitmellator works by assigning disease
status from the probabilities of the penetrancection tables. At first, only the three
disease associated marker alleles are generatedrdany to the fixed minor allele
frequencies assigned by the user. The user defierdirance function for the genotype
file is then looked up to assign disease or nomadis status based in the probability of
disease for each genotype. In its case/controérgéion mode, genomeSIM proceeds
until the desired number of cases and controlxigated having only the 3 disease loci.
After this step, the remainder of the SNPs for eg&tome set is generated according to
the ranges specified for non-causal SNPs. Forghidy, all penetrance tables were
either completely additive or completely multipliv@ in nature. However, genetic
heterogeneity can be generated by genomeSIM by usidtiple penetrance functions.
This is done by assigning the number and percertbdiferent penetrance table models
to use.

GenomeSIM uses a dual chromosome representatisghed@enotype data. Thus,
each individual in the population has two binaryorthosomes. The allele frequency
values are determined from either the specificlallisequencies for the disease-

associated alleles given by the user or samplad the frequency ranges specified for
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the non-associated alleles. The genotype at atusls represented as 0, 1, or 2 in the
genomeSIM genotype output file. This is determibgadding the allele “values” of the
two chromosomes at each locus and corresponde twiltt-type homozygote of “AA” =
0+0 = 0, a heterozygote with one disease assockie of “Aa” = 0+1 = 1, and a

homozygous double mutant “aa” = 1+1 = 2.

Benchmarks: genomeSIM

Given our study design incorporated associaticting of many thousands of
genotypes at the whole-genome scale, computatioactability is a primary concern.
GenomeSIM was housed and run on the Vanderbilt AECRister using one Intel
Opteron processor with 400MB of RAM. According tbe benchmarks in the
publication of genomeSIM specifications, a 100,MP dataset of 500 cases and 500
controls took ~12 seconds and a 400,000 SNP setpvamkiced in ~50 seconds [49].
Our results show a longer creation time as a 10B88@ set of 500 cases and 500
controls took ~15 seconds to create. Howeverltheecond benchmark for a 100,000
SNP dataset was clocked on a different procesatel (Keon@ 3.06MHz) using 2GB of
RAM.

Our study used genotype file arrays for evaluabhgreither pooling or individual
genotyping. Each composite genotype file arrayated by genomeSIM consisted of
10,000 SNPS for each of the 500 cases and 500ot®rsample size 1,000). Overall,
25,000 of these composite genotype arrays werdettedhis resulted in 25,000,000
overall individual genotypes with 10,000 SNPs penagype. GenomeSIM is estimated

to have taken ~104.16 hours or 4.34 CPU days &ietbe genotype files.
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Converting genomesim genotype files to haploview fimat for individual association
analysis: genomesim_2_haploview.m

The study was designed to use Haploview as theasnelaconducting individual
genotype association testing. A MATLAB script wasittegn in order to convert the
genomeSIM genotype files into a Haploview compatitdrmat. This conversion script,
called“genomeSIM_2_ haploview.m”, expands the SNP valua® fyenomeSIM into a
Haploview compatible version. The main enginehs tonversion script expands the
single number allele representation of genomeSId a2 number representation for
each locus in the genotype file. This is done Isep8ally converting the homozygous
wild-type “AA” genotype representation of [0] frogenomeSIM to [1, 1] for Haploview.
Likewise “Aa” and “aA” heterozygotes are converfeaim [1] in genomeSIM to [1, 2] or
[2,1], respectively. An “aa” is converted from [2) genomeSIM to [2, 2] for its
Haploview representation. A Haploview formattete fvill contains six accessory
information columns in addition to the 20,000 SNBrker columns, which is twice the
number of SNPs due to the expansion from singldowble binary representation for
each locus. In the Haploview compatible file, Goiul contains the pedigree name.
This is a unique identifier for this individualanily. Column 2 is individual ID, here set
to sample number 1 to 1000. Columns 3 and 4 dherfand mother ID, for trio and
pedigree analysis, here they were all set to [Qrdgriown. Column 5 is sex, (1=male,
2=female, O=unknown), here all set to [0]. Columris6affection status, (1=control,
2=case) determined from the original genomeSIMatisestatus column 1. Columns 7 —

20,007 are the marker genotypes. Each markepresented by two columns (one for
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each allele, separated by a space). A [0] in dnlyeomarker genotype position indicates

missing data or genotype error.

Individual genotyping with haploview

For individual genotyping by association testinggpkbview analysis software
was used [50]. Haploview is written in JAVA andndaoicts single point association
analysis using the standard Pearson chi-squaréd Tése chi-square derived p-values
from the allele frequencies in case versus contrdividuals are the output of the
association testing. Further, permutation testimgh the individual genotyping
association test results can correct for multiglstibg bias. Additional features allow
linkage disequilibrium (LD) measures such as B;,and Log of Odds (LOD) to be
calculated as well as haplotype block analysis|dtgpe population frequency estimation
[50]. For the purposes of this study, the singtenp association testing feature of
Haploview served as a standard for individual ggpmiog for comparison of the pooled
association testing by our pooled genotyping amaltgwl (sm_PDA). Although a GUI
interface for Haploview is the default operatingdapthe program was run in command
line mode form the windows command line in orderspeed up analysis and conduct
individual genotyping association analysis in batbde. Memory use was doubled
from the default 512MB to 1GB of RAM and resultedai notable decrease in processing
time. Given that each dataset consisted of 1,@68@<and controls at 10,000 SNPs, and
that there were 100 datasets each for as many pardfeter points, this modification
became significant in terms of time savings. Hejelw took ~2 minutes to process each

genotype file for each individual genotype.
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As a check for Haploview association testing fodividual genotyping, our
pooled analysis tool (sm_PDA) was used with a ssmgplerror of 0% which
approximates the association pooling statistic fiequation 1to that of a chi-square
distribution with 1 degree of freedom. The asstmmtest statistic for pooled cases
versus controls has two sources of variance idétsominator, measurement erron )V

and sampling error (O of Equation 1

Equation 1:)

Vi is the variance due to measurement error andsafieen the genotyping
platform in the form of genotyping error. This maeement error is present in both
individual and pooled genotyping. . Vh the pooled association testing is variancetdue
sampling error essentially form errors in alleleguency estimation by the genotyping
platform and/or from unequal amounts of DNA compgsthe pools. Sampling error is
not present in individual genotyping. If the Yampling error is theoretically reduced to
0%, then the only source of variance in the poofitajistic becomes measurement error
(V1). Consequently, the pooling association testiagstic inEquation lapproximates to
a chi-square distribution with one degree of freedarl his is what is used for individual
genotyping by Haploview. This served as a recigr@bheck between Haploview and
sm_PDA to insure that genotype files were beingated, processed, and analyzed
properly. Additionally, as our modified versiohRDA ran in ~2.3econdsompared to

Haploview taking ~2minutes a potentially useful by-product could be to use BDA
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for individual genotyping analysis. Test valuetistacs using Haploview and sm_PDA

on the same genotype files showed nearly identitiaéquare derived p-values.

Converting genomesim genotype files to pda formabf pooled genotyping analysis:
genomesim_2_pda.m

In our study, théPooled DNA Analyzer (PDA)program was used to conduct
pooled association testing [51]. The original PRAde was obtained from the
developers. We extensively modified the PDA byiagdbatch mode capability, re-
organizing the input and output results interfacasd optimizing the source code
resulting in a nearlybO-fold faster performance Our modified version of PDA was
termedsm_PDA In order to convert a genomeSIM output genotfifes to PDA
compatible files, a MATLAB script termed “genomeSIR PDA.m” was created. This
script scores the allele frequencies for each markéhe control and case groups. The
output file is formatted as an sm_PDA compatible. fi For example, a genomeSIM
genotype file is a [1,000 row by 10,001] column nxaivhere each row represents a case
or control individual and columns represent theDQ0,SNPs plus 1 column for disease
status. The first column of to 10,001 total sholes disease state of the individual (O for
case, 1 for control) and columns 2 through 10,0@&lthe locus allele “values” of the
binary chromosome (0, 1, or 2). By conventionaigenomeSIM genome file, a locus
with the genotype “AA” is scored as “0”, “Aa” or Ad is “1”, and “aa” is “2".
genomeSIM_2 PDA.m converts the genomeSIM data arioallele frequency file

suitable for sm_PDA. This is done by scoring egehotype at each SNP and summing

1Pl

the frequencies of the normal “A” and disease aatet “a’ alleles.

GenomeSIM_2 PDA.m scores the allele frequencieshercases and controls of the
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genotype dataset and lists them sequentially imtitput file. The result “PoolAF” file is

a 20,002 row by 5 column matrix of allele freque&scalong with other information. The
first column is disease status, 1 for controls 2ridr cases. The second column lists the
marker “name”, in our case the marker number. Tire ttolumn is the total number of
cases or controls in the dataset. The forth colistthe major allele frequency. The fifth
column is the minor allele frequency (MAF). Thejaraand minor allele frequencies are
scored by expanding each locus “score” form gendiMédie into an allele frequency
matrix. An “AA” homozygous wild-type with no dise@ allele variants is represented by
a [0] in the genomeSIM datafile. GenomeSIM_2 PDAwith add 2 to the “wild-type”
signifying the presence of two wild-type allelegtsis SNP locus. A heterozygous “Aa”
or “aA” represented as [1] in the genomeSIM fildladd 1 to the “A” array element and
1 to the “a” element of the allele frequency mataignifying one normal allele and one
disease associated variant allele are presentaatdtus. It follows that a homozygous
double mutant “aa” which is [2] in the genomeSINg fivill add 2 to the “a” element of
the array at its corresponding locus, thus repteggthe presence of 2 disease alleles at
that locus. This is processing step connects gromeSIM genotype file output by
transforming it into PDA formatted allele frequendile for subsequent pooled

association analysis.

Benchmarks: genomesim_2 pda
Using the PROFILER function of MATLAB, the totafrte required to convert a
genomeSIM genotype file to a PDA compatible forwass evaluated. A genomeSIM

file containing 10,000 SNPs for 500 case and 5@@robindividuals took 19.5 seconds

32



to convert. The genomeSIM_2_ PDA conversion sdrgd three main sections. It first
loads the genomeSIM genotype text file into actmemory as matrix. Second, the
genotype matrix is passed to the scoring functiah & function call to the calculation
function. Third, the scored pooled allele freques@re written as a delimited text file
using the MATLAB DLMWRITE function. Looking at theme breakdowns for each
function within the automated conversion script%/6f the total time (13.7 of 19.5 total
seconds) is spent opening the genomeSIM genotyfiefile. The second most time
consuming part of the script is the allele scorimgction itself, which takes 4.1 of the
total 19.5 seconds, corresponding to 21% of thal tohe. Thirdly, the writing of the
allele frequency results to a tab delimited filengdDLMWRITE takes 1.7 seconds, 8.8%
of the total time. Overall, the 25,000 genotypesfianalyzed for the study are estimated
to have taken 135.4 CPU hours or 5.6 CPU days @egppcess from the genomeSIM
genotype files to PDA compatible input files. Ndteat this pre-processing step is
significantly longer than the actual pooled asdommtesting analysis by sm_PDA,
which takes ~2 - 2.5 seconds per file, estimatetbdi6 days 0.69 CPU days overall for

the 25,000 genotype files tested.

Creation of sm_PDA by modifications to PDA (the poled dna analyzer) for pooled
association analysis:

In order to conduct pooled genotyping associaéinglysis a modified version of
the Pooled DNA Analyzer (PDA) program was createt].] The PDA is a MATLAB
implemented suite of modules which allows singlénpassociation testing of pooled
DNA using the pooled association testing statidfiguation ). Additional functionality

allows for chromosome-wide multipoint associatiests based on p-value combinations
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using a sliding-window concept. Although PDA issdmed primarily for pooled
associational analysis, individual genotyping cko &#e conducted by either single point
or multipoint test by setting the sample error %, @ffectively decomposing the pooling
association test statistic into a chi-square tet tvdegree of freedom, which is what is
used for individual genotyping. This feature of #l@as used as a double-check for the
individual genotyping conducted by Haploview, adlvas a check to confirm that the
creation and processing of the pooled allele fraqudiles was performed correctly by
correlating the Haploview individual genotyping withe PDA “individual” genotyping
results. Additionally, after the original versiai PDA was modified into sm_PDA,
individual genotyping with sm_PDa could be run &0afold reduced time.

The original version of the Pooled DNA AnalyzerD@®) implements a GUI
where the user directs a path to a folder contgi@mecessary files to run a pooled
association analysis. The first of these 3 fiksicolumn vector with the designated
names or number of each marker, termed “SNPnarigé second file used by PDA is
“IndPI” and is the basis for signal correction andrmalization for the association
testing. The “IndPI” (Individual Peak Intensityljef is a four column matrix which
contains the SNP name, its map location (optioreaty relative signal intensities for
homozygous and heterozygous individuals at each. Si&Ppurpose is to normalize the
signal intensities of the allele variants at eaemagyping feature of the genotyping
platform. The purpose of this file is to reducenpéing error in pooling by correcting
biased signal intensities or platform artifacts ethare a major source of allele frequency
estimate error. For our study, all peak intensibéthe “IndP1” file were defaulted to 1.

In practice, databases exist in which known hetgyotz and homozygote intensities of
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the SNPs are cataloged and serve as a referenoerfoalization and correction [7, 52,
53]. The third and most directly evident file neddor PDA is the “PoolAF” (Pooled
Allele Frequencies) file which contains major andthon allele frequencies of the case
and control groups. The “PoolAF” file consiststioé disease or group identifier (1=case,
O=control), the SNP name (matching the “SNPnamie},fthe number of individuals in
each pooled group (number of cases or number dfale)) and the allele frequencies for
the major and minor alleles at each locus. ThiessetPDA processing files need to be
located in the same folder, which can be spechigethe user from the PDA GUI.

The PDA GUI has eight edit boxes and over 20 cliectes which are used to set

the parameters for pooled association testing, showigure 3
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Welcome to use PDA (Pooled DNA Analvzer)
PDA is a powrful tool for the analysis of pooled DNA data:

Four main functions are :

{1) The estimate of CPA (coefficient of preferential amplification) and standard error (s.e.)
(2) The allele frequeny estimate and s.e.

{3) The single-point pooled DNA association test.

{4) The multipoint pooled DNA association test.

The user guide is available at hitp./fvww ibms sinica edu tw/TEcsjfann/first%20flow/ database him

1. Input / Output directory :
Input directory  |C:\Program Files\MATLAB7 1\PDAnput
Output directory  [C:\Program Files\MATLAB7 1\PDAOutput
2. Number of the groups studied?
Two groups [ ( Assume constant CPA between different groups 2 Yes [ No[7] )
One group []
3. Data type for CPA estimation:
Peak intensity [] (Mumber of pairs of peak intensities for each heterozygote individual: | ]
Raw CPA / heterozygote ratio [ |
4, Do you calculate bootstrapped s.e. of CPA estimate?
Yes [] (MNumber of bootstraps:] |, hetween 10 and 1000. )
No []
5. Do you calculate the estimate of allele frequency?
Yes [] (Mumber of pairs of pooled peak intensities;] |}
No []
6. Do you require the single-point pooled DNA association test?
Yes [] (Experimentaleror:| | betweenOand1.)
No []
7. Do you require the multipoint pooled DNA association test?
Yes []
Data type for association test: [ Peak intensity []P-value
Map information: []Yes [ No
Weight function: [] Equal weight [] User-specified weight
Threshold value of truncation: , between 0 and 1.
Mumber of Monte Carlo simulations: j_ |, between 500 and 10000.
Window size: , hetween 2 and the total number of SNPs.
SWERPT statistic: [[] Multiplicative eflect [ Additive effect  [[] Minimum

o O

Figure 3: Pooled DNA Analyzer GUI screen
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There are seven parameter fields in the PDA GUtkvare combinations of edit
and check boxes. The parameter fields are:

1) Edit boxes for the input and output path diraet

2) Check boxes for the number of groups in theyst(mwhe group or two) and check
boxes to assume a constant Coefficient of PrefteAmplification (CPA)
between the groups if a two group study.

For this study, a two group test for cases androtsntvith constant CPA assumed.

3) Check boxes for the method of peak signal nama@bn. Either using the
Coefficient of Preferential Amplification (CPA) nietd [51] or the raw peak
intensity.

For this study, raw peak intensity was used witithbthe homozygote and
heterozygote intensities defaulted to 1.

4) Check box to calculate the standard error aadhtimber of bootstraps to use.

For this study, 500 bootstraps were used.

5) Check box to calculate the estimate of alledgfiency.

Checked to “yes” in the study.

6) Check box to perform the single point assocmtiest and the sample error to
incorporate.

This is the main functionality to perform pooledsasiation analysis. Sample error
was specified from 0% to 5%.

7) Multiple check boxes and edit fields to perfamulti-point association testing.

Whether to use p-values from single point assamadr peak intensities.

Whether map information is present.
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The weight functions for peak intensities.

A threshold value for truncation.

The number of Monte Carlo simulations to use forpeation testing.
The window size to use for multipoint testing.

The disease model effect to use for the SWEPT paiitt test:

multiplicative, additive, or minimal.

In order to evaluate the time profile characterssbf the Pooled DNA Analyzer
(PDA), the MATLAB PROFILER was used. The PROFIL&¢tion of MATLAB
analyzes the amount of time spent on the execuifofunctions within a MATLAB
script. Using the PROFILE VIEWER mode in MATLABR)d results are output as an
HTML file. The PROFILER can output the time in eads as well as percent of total
time spent in each line or function of a script. also has a feature which details the
clocked times between parent and child functiomsli(eonal functions called from the
parent). Additionally, the number of times a fuantis called are also listed.

The original PDA code was run over a dozen timésguhe PROFILER function
in order to clock its speed and the time distridmsi of the various blocks of code. The

results of a representative PDA run time profile stnown inFigure 4
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PDApro_PI (1 call, 112.182 sec)

Generated 071-May-2007 15:07.45 using cpu time.
M-script in file C:\Documents and Settings'prataps'Deskiop'PDA source'PDA Original\PDApro Pl.m
[Copy to new window for comparing multiple runs]

M Show parent functions [ Show busy lines Show child functions
M Show M-Lint results ¥ Show file coverage ¥ Show function listing

Parents (calling functions)
Mo parent

Lines where the most time was spent

Line Number | Code Calls | Total Time % Time Time Plot
394 fprintf ('Bootstrapping for the... . 10001 193211 s . 83.1% -—
395 bootalog=feopen| [ocutpath, '\log.... . 10001 | 2.700 s . 2. 4% - 1

993 fprint£(*%7.0f  %4.0f S35 . 1 2295 s . 20% -I

397 £close (bootslog) ; . 10001 | 2.205s . 2.0% I

931 fprintf('%7.0f %4.0f L s .1 2108 s . 1.9% -I

All other lines . 9.664 s . 8.6% -l

Totals . 112.182 s . 100% -

Figure 4: MATLAB PROFILER for PDA.

results for time to run original PDA code @ 112@ets and percent of time spen
function calls:

39



Results from the time analysis show that the pagwversion of PDA took 110-
120 seconds to analyze a pooled genotype file.efGihat the project would need to
process over 25,000 genotype files, using the malgiersion of PDA would take more
than 50,000 minutes, &4.722 days of CPU time calculate association analysis for the
pooled genotypes. In addition to the slow procestime, the original PDA did not have
batch capability and was not automated by any diefimof the word. For this reason, a
speed enhanced version of PDA (sm_PDA) was creatadh would have a batch
operation mode as well as reduce the time to pso@egpooled genotype file for

association testing.

SM_PDA: added batch processing and automation to thoriginal PDA

One of the main reasons for modifying the origvaision of PDA into sm_PDA
was to add batch mode functionality, allowing fesaciation analysis of the datasets in
an automated fashion. As the project involved @asion analysis and genotyping of
tens of thousands of genotype files by pooled @lging, this automation and batch
mode functionality were critical. In order to camd a pooled analysis with the original
version of PDA, the pooled allele frequency filé®dolAF” files) generated form
genomeSIM_2 PDA.m would need to be moved into DA ihput directory foldeone
at a time Then the user would hit the “APPLY” button in tRDA GUI to perform
association analysis. Once the pooled analysiscoarpleted, the results file would have
to be moved to another folder to avoid being oviten by the next analysis. This

process would need to be repeated for each genbky@ad was thus not feasible for the
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more than 25,000,000 genotypes which were analye#te pooled genotyping phase of
the study.

Batch modifications to the original PDA code alkxv for processing the
thousands of genotype files in each phase of tlidedcanalysis to be analyzed without
manually setting up and moving each file for preoesg by PDA. This allowed for a
major improvement in automation of the program adl as reduced time to process the
association testing. The basic procedure for batode operations was to enclose the
single and multipoint testing processes within i@ehnested FOR_LOOP structure. In
order to use the FOR_LOOP syntax, the pooled alfedguency file input name
parameter in the original PDA was modified to ataeger specified file names (instead
of only “PoolAF”) using the SPRINTF and EVAL functis of MATLAB. For example,
a round of genotype files created in genomeSIM ddwdve 100 replicates for a given
disease model at a given relative risk. UsinggeeomeSIM_2_ PDA.m script, each of
these genotype files would be converted to a Poaliete Frequency file with appended
alphanumeric tags; “PoolAR b g _d. The first flename modifierg) was the sub
study being done such as relative risk, genotyper e@ate, or population size. The
second filename modifieb] is the disease model of the genotype simulatiadd” for
additive or “multi” for multiplicative models. Théhird appended tag) is replicate
number as 100 replicates were done for each daiat. poln general, multiple
alphanumeric tags were appended to the “PoolAEsfdiuring their creation from the
original genomeSIM genotype data. Upon pooled tgmog analysis with sm_PDA, the
SPRINTF and EVAL functions of MATLAB were used inrder to process the

“PoolAF_ " files into application memory in an automateddhamode. Using this
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modification, the “PoolAF__ " file could be referenced by the correlated
FOR_LOORP iteration parameters. The overall resalt an automated process which did
not require moving individual “PoolAF” pooled akelfrequency files into the input
folder one at a time as in the original PDA. Fartlthe pooled association testing result
files did not need to be moved out of the resulgdr in order to avoid being overwritten
by the subsequent results file. This was amongnibsgt significant modification made in
the creation of sm_PDA and represented the addadtiémality of an automated
program with true batch mode capability, somethhmat the original PDA was not able

to do.

SM_PDA: logical operator modifications

In the MATLAB code for the PDA, the GUI implemedteheck boxes and edit
boxes are coded into logical conditions that setpghrameters for association analysis.
In the original PDA code, the logical checks arétem in a way that evaluates thaetire
logical expression and then returns the resultthdf logical expressions are long, than
evaluation of the entire expression may not be ssrg, and could become time
consuming and inefficient. For example, any “falseement of a logical expression
connected with “and” will result in a “false” evaltion of the entire expression. If the
“false” element occurs during evaluation of the resgion, checking the remaining
elements is not necessary in this case. The mamgrads of logical conditions form the
original PDA code were re-coded using “short ciftlbgical connectors in order to
eliminate unnecessary checks. For example, tis¢ hogical evaluation line of the

original PDA processing script is shownBox L
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Box 1: original version of pda logical expression s yntax for
check box evaluation:

if checkl==1 & check2==1 & check5==1 & check7==1 &ck9==1 &
checkl1l==1 & checkl12==1 & checkl14==1 & check3®s;

The “&” is the logical operator “and” in MATLAB anh the line is a logical
expression with eight conditional checks all coteeédy the logical “and” operator. For
this statement to be true, all of the conditiomalsst be true. If any single conditional is
false, then the entire statement is evaluatedlas.faWith this statement syntax as it is
written in the original code, each element of thére expression is evaluated first, and
then the logical value of true of false is assigteethe statement as a whole. This is a
potentially wasteful exercise if, for example, firet “check” is false. This renders the
entire expression as false, yet all of the remairthecks will be evaluated. The short
circuit “and”, coded in MATLAB as “&&”, was used ithese logical statements in order
to speed up the code. In this syntax, each eleofethie expression is evaluated and, as
soon as one element is false, the expression sefatse without any further element
evaluations. Likewise, the logical “or” was remdcwith “short circuit or” which will
return “true” if any of the elements are true ant mot evaluate the expression further.
Given this change, all of the logical expressioheutd be evaluated with the fewest
possible number of elements being evaluated. Atthdogical expressions are relatively
quickly evaluated in MATLAB, given the fact thatetle are nearly 100 potential logical

evaluations for each genotype file tested, and@bdkssociation tests files are evaluated
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in this study, the time savings are potentiallyngigant. Overall reduction with
implementation of the logical short circuit operatan part, contributed to a speed up in
the association testing calculations of at leakild. The original PDA was clocked at
9.6 seconds for that section of the program codeutg while the entire modified

sm_PDA code ran in 2.3.

SM_PDA: result output file modifications

Another modification to the original PDA progranade in order to optimize and
automate the process was to change the formattidgwaiting characteristics of the
association testing result files. In the origimaision of PDA, the results were written to
a log file in “real-time”. Specifically, the asgation statistics of each marker were
written to the log file as soon as the associapmytessing was done for each marker.
This mixing of association test processing withutiputput transitions for writing to the
results file is extremely inefficient. Significarttime could be and was saved by
performing all of the processing of the associatesting first, storing the final results in
a matrix or application memory, and only then wagtito an output file. Additionally,
input/output transitions which updated the progre6$DA to the console after the
processing of every SNP, every bootstrap, and &aottion module were eliminated.
The original version of PDA used FPRINTF statemémtsrite the output results to a log
file. The FPRINTF function writes formatted datad&in the original version of PDA)
writes each line of association testing resultthay are calculated. This was changed in
sm_PDA by using the DLMWRITE function which is fastalbeit less versatile, than

FPRINTF. Sm_PDA saves the pooled associatiomgesésults as a matrix during the

44



calculations and writes them as a delimited tdgtdnly when all the association testing
is completed. According to the MATLAB designerdIDVRITE is a faster function
than FPRINTF, but the major time savings with thmedification are a result of
eliminating the writing of each line of resultskioth the log file and the console as they
are calculated from the association testing.

Sm_PDA outputs tab delimited text file containthg marker number, the pooled
association testing chi-square value, and the qinu® correlated p-value. Results of the
PDA modifications into sm_PDA are a nearly 50-fotluction in pooled association
analysis. These time analysis comparison resuhls shown in detailed in

BENCHMARKS: OriginalPDA and speed modified sm_PDA

Benchmarks: original PDA and speed modified SM_PDA

The original version of PDA was evaluated fortitse to process a pooled allele
frequency file using the MATLAB PROFILER. The tbtame for evaluating one
genome file was >110 seconds. Using the PROFIlietion, it was shown that the
majority of CPU time was used for real time progresessages sent to the MATLAB
console window of the standard output (i.e. mohiéord creation of the results logfile as

shown inFigure 4

In total, over 90% of the CPU time was used foo tasks related to outputting
results. 83% of the total CPU time (93 of 112 s&s) was used for progress updates
during the Bootstrapping stage to determine thesqgbare p-values of association

testing. The second most time consuming task \wasing, writing to, and closing the
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log file output of the association analysis. Thasults log process used 4.9 seconds or
4.4 % of the total time to open and close the Iegylf0,000 times (once for each marker),
and 4.4 seconds or 3.9% of the total time writing &ssociating results to the log file.
Adding up the log file open/close and writing résuhnd progress to the console and
output log showed that over 91.6% of the total timyethe original PDA code was used
there. Note that none of the association testiag @one in these steps, only the output
writing. Thus, the time involved in actual asstioia testing using the Pooled DNA
Analyzer (PDA) software is not the most time conswgrstep at all, surprisingly. All
remaining taskancluding the association analysis itselére performed in the remaining
9.6 seconds or 8.4% of the total 112 seconds. u@aicg for the original PDA version,
25,000 genotype files times 112 seconds each yi&ldsCPU hours or 32.4 days of total
CPU time that would have been required for pooledlysis had sm_PDA not been
created and used.

A MATLAB PROFILER time analysis of the modified rigon, sm_PDA is
shown inFigure 5 The figure is representative of over a dozarsrof sm_PDA with

time clocking from the PROFILER.
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PDApro_PI (1 call, 2.302 sec)

Generated 01-May-2007 15:26:02 using cpu time.

IM-script in file C:\Documents and Seftings'prataps'\Deskiop'PDA source'PDA (1)'\PDApro Pl.m
[Copy to new window for comparing multiple runs]

Show parent functions [ Show busy lines ¥ Show child functions
Show M-Lint results Show file coverage [ Show function listing

Parents (calling functions)
Mo parent

Lines where the most time was spent

Line Number | Code Calls Total Time % Time Time Plot
203 nsnp=tabulate (numZstr (peak(:,2... | 1 0638s 27 7% |

204 snpname=strZnum(char (nsnp(:,1) ... 1 0.316s 137% m|

276 allelefreg = load{allelefreq £... 1 0.294 5 12.8% =

205 HeterIndivNo=cellZmat (nsnp(:,2... 1 0.131s 57% |1

622 [cgkl cqklpv]=chisquarstest{nc... | ] 0107 s 4 7% 1

All other lines 0816 s 354% |
Totals 2302 s 100%

Figure 5: CPU time for sm_PDA.

MATLAB PROFILER results for time to run the modifiesm_PDA code @ 2.3 secor
compared to 112 seconds for the original PIFigure 9.
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Overall time for sm_PDA 2.3 secondsompared td 12 second$or the original
PDA version. The total CPU time for processing2bé)00 genotype files was estimated
to be 16.66 CPU hours or 0.69 CPU days to procg&hsis, with modified sm_PDA, the
total time to process the 25,000 genotype fileslesreased by a factor of 46 fold
compared to the original PDA. The overall timeuetbn for processing the pooled
genotype files was reduced from 32.4 CPU daysHerariginal PDA to 0.69 CPU days
for sm_PDA. More importantly than the time savinfjem speed optimizations,
sm_PDA added a batch mode functionality which waiscal in allowing the 25,000

pooled genotype files to be analyzed in an autothaitecess.

Parsing the results from pooled and individual assoation analysis: pda_2_ pval.m
and haploview_2 pval.m

Once the sm_PDA processed the pooled genotype fil# association analysis
test result replicates per data point were produdedarder to combine the overall results
from the pooled association tests, a MATLAB scriptmed “PDA_2 pval.m” was
created. The function of this script is to combthe results of the repetitions of the
sm_PDA association testing and determine the aeettagy p-values for the causal SNPs
from the association analysis. Additionally, thanslard deviations were calculated
using the MATLAB STANDARD function. The standar@éwation can be used along
with the number of genotype file repetitions in@rtb derive the confidence intervals.

The PDA_2 pval.m script functions by first loaditlge 100 sm_PDA pooled
association test results files for each repetiien The results are loaded into a matrix
and then sorted by chi-square p-value. The p-gatfi¢che 3 disease associated SNPs are

averaged over the one hundred genotype repetiiensell as their respective average
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ranks. Additionally, the standard deviations o€ tbhausal SNP p-values over the
replicates are calculated. These results are butfutwo files, one listing the average
p-values, and the second listing the standard tieng of the p-values. A similar

MATLAB script, “Haploview_2_ pval.m”, parses the asgtion testing results from

Haploview individual genotyping. The Haploview_Xapm script parses the chi-square
derived p-values, and averages them for the 10ca¢gs per data point. The average
rank and standard deviations of p-values over Oréplicates for each data point are

also calculated.
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CHAPTER IV

RESULTS

Results: sample size

The sample size in the association study and bhiayato identify the causal
variant alleles given the sample size was evaludtedpooled versus individual
genotyping. GeneomSIM was used in its probabitityde to create a case / control
populations from 200 to 1,000 individuals. Genoihve&ssigns disease status to each
individual in the population as their genotype engrated. In the population mode of
genomeSIM, this disease status assignment willimeatuntil the specified numbers of
cases and controls are generated. The genomegliparameter files were constructed
to output datasets with varying populations frond 1® 500 disease cases (in increments
of 100) and an equal number of controls. Thisdgdl 5 populations of 200 to 1000
(incremented by 200) comprised of equal nhumbersast and controls for comparison
by pooled allelotyping and individual genotypind.hese populations were generated for
three levels relative risk; 1.5, 2.0, and 2.5 uskgnetrance Tables 4, 7, and, 10
respectively Finally, additive and multiplicative models were both usedj¢énerate the
populations.

The genotype files were generated on the VANDERBAdvanced Computing
Center for Research & Education (ACCRE) clustengisin Intel Opteron processor with
400MB of RAM. For this study of the effect of samize on individual genotyping
versus pooling, 3,000 total genotype files wereegated; 100 replicates for 5 sample

size populations at 3 relative risks levels andm@glex disease models.
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The genomeSIM genotype files were converted bygleomeSIM_2 PDA.m
pre-processing script for pooled genotyping with BDA. The pooled genotype files
were then processed by sm_PDA with a 2% sample ete. The results were parsed
by PDA 2 pval.m and chi-square p-values of the ala@NPs were obtained. The
averaged p-values for the 100 replicated of eatd plaint were obtained.

In parallel the genomeSIM genotype files were atsoverted to Haploview
compatible files for individual genotyping with gemeSIM_2 Haploview.m. The
individual genotyping results were parsed from ltaploview association testing result
files with Haploview 2 pval.m.

The results of the pooled allelotyping with 2% g#ing error were compared to
the individual genotyping. Significance level wset to p-value <58 The average chi-
square p-value for 100 replicate genotype fileswerthe number of cases and controls
for additive and multiplicative disease modelshaeé relative risks (1.5, 2.0, and 2.5)

were graphed. These results are showkignre 6
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The results show that for thaultiplicative model with a relative risk of 1.5,
neither pooled Kigure 6: red lines with circl¢sor individual genotypingKigure 6:
black lines with squargsvas able to identify any of the 3 causal SNP$ witp-value
above the threshold of Bédor all population sizes testeBigure 6: upper left panel At
relative risk of 2.0, the three causal SNPs weeatifled with a population of 400 cases
and 400 controls, while the pooled genotyping far iultiplicative model at relative risk
2.0 did not identify any of the causal SNPs, eventa 500 cases and 500 controls
(Figure 6: upper middle panel At a relative risk of 2.5, the individual asgdmn
analysis crossed the B@-value threshold identifying the 3 causal SNP#\00 cases
and 200 controls, while pooled genotyping idendifieof the causal SNPs with 200 cases
and controls and all 3 SNPs at 300 cases and 3ot Figure 6: upper right panel

For theadditive model, 2 of the 3 disease associated SNPs were idehtfie
relative risk 1.5 with individual genotyping of 4Gfases and 400 controls, and all 3
markers were identified with 500 cases and 500rotmt Results for pooled genotyping
additive model at relative risk 1.5 show that narfigehe populations tested yielded p-
values above thresholdriure 6: lower left pangl For relative risk 2.0, individual
genotyping with 200 cases was sufficient to idgnéfl 3 disease SNPs while pooled
genotyping identified 1 of the causal SNPs with 288es and all 3 causal SNPs with 300
cases and 300 controlBigure 6: lower middle panel For relative risk 2.5, individual
genotyping was able to identify 1 causal with 1@8es and all 3 with 200 cases while

pooling identified all 3 causal SNPs with 200 iridivals. Eigure 6: lower left pangl
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Results: relative risk

In order to evaluate the resolution of pooling andividual genotyping over
varying relative risks, genomeSIM was used to erg@notypes with a range of relative
risks. The relative ranges varied from 1.07 f@irggle disease associated to 1.5 for the
corresponding 6 variant genotypes in the least tpa@memodel Penetrance Table) 1 up
to 2.5 for a single disease associated and 10.théocorresponding 6 variant genotypes
variant Penetrance Table L1(see Penetrance Tables 1:10The relative risks were
tabulated in the penetrance tables for both adddivd multiplicative models. A total of
20 penetrance tables were constructed; 10 forddeiee complex disease model and 10
for the multiplicative model. The baseline diseasebability was set to 10% for all
penetrance functions. This 10% baseline represhatprobability of disease given no
disease associated alleles. This 10% baselinauatscéor non-genetic factors such as
environmental conditions (phenocopy) which contigbto disease status and reflects a
more realistic complex disease model as environahéattors significantly contribute to
complex disease. Additionally, the base rate @&fblifcludes disease associated alleles
which may not be present on the SNP chip and otfmer-genetic entities which
contribute to disease progression.

Relative risk is defined as the ratio of the phulily of disease given the
case/disease genotype versus the probability eades given the control/normal group
genotype. For example, given a baseline of 10k afsdisease in the control group, if
the probability of disease in the case group is 20fn the resulting relative risk is 2.0,
[(0.20 / 0.10)]. Therefore, the case group is énas likely to have the disease compared

to the control group. The penetrance functionganomeSIM were constructed using the
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Risch and Teng complex disease model formulasfesralation [48] §ee Methods and
Materials: Complex Disease Model Construc}ioithe “AABBCC” genotype represents
the non-disease control for the three gene model &wild-type, non-disease associated
alleles. The probability of disease for the congenotype is set to 10% to allow for
phenocopy. In the complex disease model formdie, genotype and its associated
penetrance probability is represented fAs The penetrance values for the model
genotypes were calculated using an expansion o&doaiive and multiplicative model
formulas Equations 2 and )5 The fO corresponds to the wild-type genotype of
“AABBCC” in which there are no disease associatdldles present in the diploid
genotype and its resulting probability. The pemate probability for thé0 is set in this
baseline state as 0.10 to account for phenocopytst non-genetic factors. THefor
the expanded 3 marker model concatenates threeganefl for each locus “Aa”, “Bb’,
and “Cc”. Thus, the genotype “AaBbCc” represemsfii for the 3 locus model. It
follows that thef2 is represented by the “aabbcc” genotype to repte6edisease
associated alleles; the 3 markers with 2 diseaseceded alleles each. Expanding the
formula proposed by Risch and Teng for complexadisemodels resulted in an increase
from 3 possible genetic states {8r a single gene model) in the original model # 2
possible genetic sates’{3vith a 3 locus model.

The penetrance functions were calculated by gethie probability of thd0 to
0.10 and varying the probability of tizs from [0.15, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8,,0.9
and 1.0]. The expanded model formulas were thed Ws determine the penetrance
probabilities for the intermittent genotypes inchglthefl as well and the remaining 24

genotype states (sétenetrance Tables 1J10By convention, the penetrance functions
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were labeled by the relative risk of 1 disease @ated allele being present versus fibe
with no disease associated alleles. For exanfplee fO = ["AABBCC” with penetrance
probability of 0.10], thg2 = [*aabbcc” with a penetrance probability of 1.@jen the

penetrance probability of 1 disease associateldadl®.25, calculated byquation 4

Equation 4: &

f=[f0+ (] * (number of disease associated alleles)

The relative risk of the single disease associatiede relative to th€0 is (0.25 /
0.1) = 2.5. Thus, the penetrance function foratditive disease model haviff@= 0.1
andf2 = 1.0 has a relative risk of 2.5 for a single dseassociated allele being present.
This penetrance function was labeled“psnetrance table with relative risk 2.5for
reference. The penetrance function of the cormedipg multiplicative model havint)
= 0.1 andf2 = 1.0 was also designated as relative risk 2.owév¥er, a single disease
associated allele in this multiplicative model wilbt result in a relative risk of 2.5 as
does the additive model with the saf@eandf2 parameters. The beginning and end
points are equivalent in terms of penetrance pntibabThis naming convention allows
for comparison between the additive and multipi@amodels.

For the additive and multiplicative models of cdexpdisease, GenomeSIM was
used to create 100 replicates for each of the [Hdive risk points [1.08, 1.16, 1.33, 1.5,
1.66, 1.83, 2.0, 2.16, 2.33, and 2.5]. A total @#0P genotype files were created and
subsequently analyzed. Each genotype file wa0@i0D SNPs for 500 cases and 500

controls. The genomeSIM files were converted BlARRnd HAPLOVIEW compatible
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genotype files by GenomeSIM_2_PDA.m or GenomeSINHAPLOVIEW.m scripts,
respectively. The converted genotype files werecgssed by sm_PDA with a 2%
sampling error rate for the pooled genotyping andPHOVIEW, for individual
genotyping. The results were parsed by PDA_ 2 PYAbr Haploview 2 PVAL.m.
The average clsquare p-value of the 100 individual or pooled ¢g@mes was plotted

versus the relative risk. These results are showigures 7 and.8
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For theadditive model, individual genotyping was able to detect all 3isa
SNPs above threshold (<&eat a minimum relative risk of 1.5. The results pooling
with a 2% sampling error rate showed that the 8adie associated alleles were detected
above threshold at a minimum relative risk of 1(Bigure 3. Formultiplicative model,
individual genotyping was able to detect 2 of thea8sal SNPs at a relative risk of 1.66,
and all 3 causal alleles at a relative risk of 1.88or pooled genotyping with a
multiplicative model, 2 of the 3 causal SNPs wesgtedted at a relative risk of 2.33, and
all 3 disease variant markers were detected ativelask 2.5 Figure §. The gap in
detection resolution between pooling and individgehotyping (with respect to relative
risk) was wider in the multiplicative model compéréo the additive model. The
detection level of the 3 disease associated alleléise additive model was relative risk
1.5 for individual genotyping and 1.83 for poolinighis yielded a minimum relative risk
differential of 0.33 relative risk units for the gong to detect the 3 causal SNPs. This
differential was wider in the multiplicative modelndividual genotyping resolved the 3
causal SNPs at a relative risk of 1.83, while papliesolved at a relative risk of 2.5, a
difference of 0.67 relative risk units. Thus treg@f the relative risk at which individual
genotyping and pooled genotyping are able to restihe disease associated alleles is
twice as large for the multiplicative model (0.@fative risk) versus the additive model
(0.33 relative risk). The conclusion from the datmgests that the multiplicative model
of complex disease requires a higher level of ingdatisk conferred by the disease
associated alleles for detection compared to tlugtiae model. This was true for both

individual and pooled genotyping, but more pron@athim pooling. These results further
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suggest that complex diseases with an additiveackexistic of disease penetrance are

more amenable to a pooling approach.

Results: genotyping error

In order to evaluate the effects of genotype eoorpooled and individual
genotyping, GenomeSIM was used to create files #0000 SNPs and 1,000 samples in
the population (500 cases and 500 controls). Geeeoérror was incorporated at levels
of ranging from 0% to 10%, with 1% increments. ténms of the simulations, genotype
error is a parameter which can be specified dutiegcreation of the genotypes and is
derived by inserting an “unknown” call at a marlgasition to simulate a genotyping
error from the genotyping platform. The markeripos at which the “unknown” call is
located is based upon a uniform random distribuéind the user defined percentage of
genotype error. As each locus is assigned a \duueg the creation of the genotype, a
random number is generated from a uniform distrdoutand checked against the
percentage of genotype error specified in the ge®M parameter input file. The
“unknown” flag representing a genotype error isemead based upon this process and
inserted if the sampled number is below the thrigsbet for the genotype error.

GenomeSIM was used to create 100 replicates ajtgea files with 11 levels of
genotype error ranging from 0% to 10% (with 1% ements). This yielded 1,100
genotype files in total for the genotype error easibn. The additive model penetrance
function inPenetrance Tablewas used for the creation of the simulated gerestyhe
relative risk of a single disease variant alletefiPenetrance Tableig 2.0; meaning that

the presence of a single disease associated ediskes the probability of disease from
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0.10 to 0.20. Additional mutations will contribuite a purely additive manner, thus 2
mutations have a relative risk of 3.0; 3 mutatiané have a relative risk of 4.0; and 6
mutations result in a relative risk of 7.0. The&nptrance function was chosen based on
the results of the relative risk evaluation in whimth individual and pooled genotyping
were able to detect all 3 disease associated sillgith a chi-square p-value <5at
relative risk of 2.0 Figure 3. This relative risk level was also chosen beeaitiss
among the first levels of relative risk at whichtlibendividual and pooled genotyping
results were in excess of the p-value threshol8e3f Therefore, this level of relative
risk would be among the most vulnerable to havimyvalues fall below the significance

threshold. The results from the genotype erradysare shown ifrigure 9
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Individual genotyping at 0% genotype error hadapses of [1.58, 2.4¢" and
5.0e” for the 3 associated SNPs (averaged over thed@itions). At 10% genotyping
error, the p-values are [6:6¢e1.1€°, and 1.0€]. Although there is a noticeable decline
in the significance of the p-values, it is lessntlaan order of magnitude and well above
threshold cutoff of <58 This was also the case for all levels of genetgpor tested in
the intermittent values of 1%-9% genotype errorvel@ll, genotype error up to and
including 10% lowered the significance of the indual genotyping p-values by less
than one order of magnitude compared to perfeabtgpimg with 0% error.

Pooled genotyping was tested at levels of genotypiror from 0% to 10%, with
1% increments. Additionally, sampling errors fr@% to 5% (with 1% increments)
were used for pooled genotyping in order to deteenthe effects of genotyping error in
combination with varying levels of sampling errd?ooled genotyping with 0% sampling
error represents a theoretical baseline contréd@sssociation testing statistic reduces to
a chi-square test when the variance form samplingy & 0% Equation ). As such,
pooled genotyping with a 0% sampling error will Bawearly identical statistical results
as individual genotyping. This was the case ingiaeotyping error evaluation as pooling
with 0% sampling error had the same p-values asithéal genotyping.

At all levels of pooled genotyping tested (with gdimg error 1% to 5%), the
decreased significance of p-values was much lessdhe order of magnitudgigure 9.

In fact, the level of sampling error in pooled ggming was much more of a factor in
overall effect on the p-values and dominated tlfiecefof genotyping error at all levels
tested. Pooled genotyping with a 0% genotypingreand a 1% sampling error rate had

less significant p-values than individual genotgpinith a 10% genotyping error rate.
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Further, even a 1% percent increase of sampliragy @rrpooled genotyping lowered the
significance of p-values more than a 10% increasgenotyping error. For example, an
increase of sampling error from 1% to 2% is morgiehental to the results of pooled
genotyping than an increase on genotyping erramf@ to 10% within the same

sampling error percent.

Results: pooling specific errors: allele frequencymeasurement error and sample
mixing error

In order to evaluate the effect of sample mixind atlele frequency measurement
error on pooled genotyping, GenomeSIM was useddate genotype files having 10,000
SNPs for 500 case and 500 controls at varyingivelaisk levels. An additive complex
disease model was employed for the sampling emalysis study. Usingenetrance
Tables 1-1Qadditive common disease models having each of.theelative risk range
levels were used. These ranges were from relakel.08 to 2.5 for a single disease
allele present to 1.5 to 10.0 for all 6 allelesnigedisease variants. For each of the 10
relative risk levels, 100 replicates were generateyield 1,000 total genotype files for
this phase of the study. GenomeSIM_2 PDA.m andmesIM_2 Haploview.m were
used to convert the files into sm_PDA and HAPLOVIEWrmat, respectively.
Individual genotyping was performed by HAPLOVIEWtime command line mode with
its default settings except for a memory increasenf 500MB to 1GB. Pooled
genotyping was done by sm_PDA and the effects mpiag error rates from 0% to 5%
were tested.

Errors in allele frequency estimation form poolingsult in the sample error

variances. They are inherent to pooling and resalh DNA quantitation methods,
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uneven mixing to form the pools, and the sensyiVitninimum resolvable allelic

frequency difference) of the genotyping platfornthis error can be reduced reliably to
<56% [37, 54], and as little as 1% in the absencexpkrimental bias [37, 55]. The Pooled
DNA Analyzer code allows the user to specify thesleof sampling error as a parameter
in one of the edit boxes of the PDA graphical ustrface. The sampling error rate is
incorporated into the association testing statittyc PDA and the variance due to
sampling error for pooling (/of Equation ) is derived directly from the sampling error.

The results are shown kigure 10

Equation 1: &
the variance due to sampling error is represeoyed/ ,” and highlighted
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Individual genotyping resolved all three diseassoaiated SNPs at relative risk
of 1.5. Pooled genotyping with a 1% rate of sangpkrror resolved 2 of the 3 disease
SNPs at relative risk 1.5, while all three SNPsendgtected at the next relative risk level
of 1.67. A 2% sampling error rate increased theimuim resolvable relative risk one
more level to 1.83. When the sampling error was B8faiimum resolvable relative risk
increased by two levels to 2.17. At sampling emates of 4% and 5%, none of the
disease SNPs had p-values surpassing the threstioll of <56° for any of the relative
risk values tested.

Overall, the effect of sampling error on pooledhafgping was to dramatically
reduce the significance of the disease associatantg-values at all levels of relative
risk tested. As tested, the effect of samplingpremncreases the minimum resolvable
relative risk at which the association testing ptga of the disease associated SNPs
exceeds the threshold p-value. In cases of 4%b&mdample error, the p-values of the
causal SNPs were weakened by 4 to 5 orders of mugignicompared to individual
genotyping or pooling with 0% sampling error. Thesluction in p-value significance
results in none of the disease associated SNPadhawalues more significant than our

threshold of <58é.
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CHAPTER V

DISCUSSION

Allele frequency parameter for complex disease motke

For this study, a minor allele frequency (MAF)®20 was chosen based on the
average MAF in the Caucasian (CEU), Han Chinesefizge (CHB+JPT), and African
Yoruba (YRI) HAPMAP populations [26, 35, 41]. TH#umina HumanHAP550
genotyping platform shows that the mean minor elfetquencies (MAF) on a genome-
wide scale from the total allele frequency distiibus are 0.23, 0.21 and 0.22 for the
CEU, CHB+JPT and YRI populations, respectively [56/ledian MAFs are 0.23 for

CEU, 0.20 for CHB+JPT, and 0.21 for the YRI popioias. Sed-igure 11
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A histogram of MAFs from unrelated individuals in three
populations is shown. The average MAF for CEU population
is 0.23, MAF for CHE/JPT is 0.21, and MAF for YRI is 0.22.

Figure 11: Distribution of Minor Allele Frequencies (MAF) in human
HAPMAP populations.
Determined by lllumina HumanHAP550 genotyping plati(56]
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As additional evidence for this decision of sejtithe MAF of the disease
associated variants at 0.20, several highly puditigenome-wide association studies on
type 2 diabetes (T2D) are cited [6, 12-14, 47]. eSéh studies have lead to a very
promising advance in the understanding of T2D byifig or expanding the number of
disease associated variants to 10 for T2D. Fomela Sladeck and Rocheleua et. al.
[12] report that 7 of the 8 T2D associated SNPthair findings had MAFs from 0.23 to
0.35. The odds ratios of 7 of the 8 the associ&dBs are tightly clustered and range
from 1.15 to 1.26 for the heterozygous and 1.36.53 for the homozygous state. These

results are shown ifiable 4
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Table 4: type- 2 diabetes GWA by Sladek et. al [12]:

0 -
) *0' - * /01 ! *2'/01 ! *
3] ! " % 4l !
n 1 5 6
SHP Chromosome P
{nu
rsf 903146 10 114,
rs1 3266634 8 118,
rs1111875 10 94,
rs/923837 10 4.
rs/7 480010 11 42,
rs3740878 11 44
rs1 1037909 11 44
rs1113132 11 44 209,979 C C 0237 0267 115x027 136+031
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The picture emerges of many risk variants, eackingaa small and similar
magnitude of effect on disease probability. Thtsye is strong support that T2D is a
complex disease with an additive type allelic spaut The top ranked SNP had a higher
odds ratio of 1.65 for the heterozygous state aid fr the homozygous state, as well
as a higher MAF of 0.40. The higher MAF and odatsorof the top ranking SNP likely
contributed to the fact that it was the first ofd@ 2ssociated variants to be found [57].
TCF7L2 was previously associated with T2D by Gratn@al. in 2006. This finding itself
evolved from previous work that suggested chrom@sdf (among others) housed a
T2D associated region [58]. Importantly, this TCE7association was confirmed in
genotypically distinct and diverse populations fBY; this was a critical finding for a
true disease associated variant in humans andistod jspurious genotyping anomaly of a
subset. The current group of T2D associated SNBs feund by genome-wide
association studies. These studies were able néircothe TCF7L2 variant found
previously. In addition, several more T2D ass@uaBNPs were also discovered. All of
the novel SNPs have lower relative risk or odd®sahan TCF7L2 [12-14, 47] and thus
lower effect size towards disease contributionisnogress is truly exciting in terms of
the pace at which understanding the nature of ocexngliseases such as T2D is
accelerating. The story continues to progressthednethods continue to evolve. The
diabetes risk variant question is far from answethd fact that the list of confirmed
genetic variants associated with T2D has increadyeah order of magnitude in only the
first round of genome-wide association studies satgythat there may be even more

associated variants to be found.
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The results of the diabetes studies serve as idatiah of model parameter
choices in as far as they are realistic and sedneimeal world. The MAF was fixed at
0.20 for all genotype files and was the first pagtan of the models that was decided,

based on the diabetes data and HAPMAP data.

Relative risk ranges for complex disease models

Once the MAF of 0.20 was chosen, the range oftivelaisks was the next
parameter to consider. One of the first genomesvatilidies to be conducted was by
Klein et. al. on age-related macular degeneratidvil®) in 2005 [62]. The conclusion
was that 2 variants within the complement facto(GfH) region were associated with
AMD. The study found that the odds ratios of thwe tassociated SNPs were 4.6 to 4.7
for heterozygotes and 7.5 for homozygotes. Coeatly, a linkage screen and
resequencing on a candidate region in chromosor@2 by Haines et. al. co-confirmed
that alleles within the CFH region were associatgtt AMD [63]. The odds ratios for
these variants ranged from 2.45 to 5.5. Thesdtsgsoint to a relatively large effect size
from a few markers and as such were used as auppkr ceiling for the model
construction parameters in the evaluation. Complisease is characterized as having
many disease markers each with a modest affectaarstdich ranges of odds ratios well
below the AMD study results were also evaluatadcdntrast to the AMD allelic spectra
of 2 disease variants with large odds ratios (8.3.5); the type 2 diabetes profile has 8-
10 associated variants each with much smaller oddi®; 1.19 is the smallest
heterozygote odds ration and 2.77 is the largestozggous odds ratidr@ble 4§ [12-14,

47, 57, 59-61]. The T2D data was used as a guideadel additive complex disease.
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The smallest odds ratio used in this study is {mBiltiplicative model) or 1.08 (additive
model) representing heterozygotes in 1 of marketh W disease associated variant
present [“AaBBCC”, “AABbCC”, or “AABBCc”] (Penetrance Table).1 The maximum
relative risk on the study was 10.0 (multiplicatawed additive models) corresponding to
homozygotes in all 3 markers [“aabbccRgnhetrance Table L0 The characteristics of
the penetrance tables are better described byatiges of relative risks that they cover.
For examplePenetrance table Has a relative risk of 1.07 and 1.08 for the mpiittative
and additive models with a single disease variant increases the relative risks in
proportion to the number of variants present ingberotypes up to relative risk 1.5 for 6
disease alleles. The model equations are bas#teaomplex disease formulas derived
from the Risch and Teng models for complex dis¢é@fpand listed irEquation 4for the

additive model ané&quation 7or the multiplicative model.

Equation 4: &

Penetrance probability for additive complex diseasmdel
(h=[fo+"

('] * (number of disease associated alleles)

Equation 7: &

Penetrance probability for multiplicative compleisehse model

M="¢  $% # & ! —(

The result is a distribution of relative risk l&vevhich conform to the Risch and

Teng model definition, while being expanded to bb&is model with 27 combinatoric
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genotype possibilities. This results in the raofjeelative risks for the least penetrant
model being 1.07 for 1 variant to 1.5 for 6 varsamh the smallest effect models
(Penetrance Table) land the most penetrant model having relativesrigaging from

2.5 for 1 variant present to relative risk 10.0 hwié disease associated variants

(Penetrance Table LOPenetrance Tables 1-&0e listed in the Appendix.

Population sample sizes parameters for complex diage models

One the parameter choices of MAF at 0.20 andeladive risk ranges were set in
the complex disease parameters, the range of sasiggde was the next parameter to
define. A study by Zou and Zhao looked at theatféd¢ genotyping and sampling errors
on the sample size required to achieve statissigglificance in association studies [39].
This evaluation used the Risch and Teng complexads models as a basis for genotype
and penetrance value constructions [48]. The gpeostate of wild-type “AA” is
represented adQ), “Aa” for a single disease allele heterozygote(ldy, and “aa” for 2
disease variant homozygote by2)( The additive model penetrance probability
parameters werd(] = 0.01,f1 = 0.025,f2 = 0.04] thus having a relative risk of 2.5 for the
heterozygote and 4.0 for the homozygote double mhutalhe multiplicative model
parameters werd( = 0.01,f1 = 0.020,f2 = 0.04] yielding relative risk of 2.0 for the
heterozygote and 4.0 for the homozygous double mhutaoth models had several levels
of associated allele frequencies (0.5, 0.20, and. 0. For individual and pooled
genotyping with 0% genotype error and 0% samplimgrea sample size of 322 was
needed to achieve 80% power with a significancellef <5¢° for the additive model.

The multiplicative model needed a larger sample,si94 to achieve the same statistical
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power. Error rates of 0% (perfect genotyping andsampling error) are a theoretical
baseline for the calculations, not a practical dien the genotyping error rate was
increased to 3% (the maximum amount tested intidtyy the sample size required for
significance increased modestly from 322 to 37 additive model and from 404 to
473 samples required for the multiplicative mod€hese effects of genotyping error are
significant, but relatively small when compared ttte effects of sampling error.

Introduction of sampling error in the pooled gematy testing had a much more
dramatic effect. A 1% sampling error rate increlaiee sample size required for the
multiplicative model from 404 to 693, and the anditmodel form 322 to 479. Further,

at a sampling error rate of 3%, Zou and Zhao cldiat it is not statistically possible to

achieve a 58level of significance with any sample size.

Our results somewhat agree with those of the Zuwli Zhao. In general, our
results show that the genotyping error rate hasdest effect on the overall significance
of the genome-wide association testing, while sargpérror has a dramatically larger
effect. Yet, the Zou and Zhao study leaves a wogen gap in the sample size
requirements needed in the presence of sampling elamely, the sample size required
goes from 479 (additive model) and 693 (multipiatmodel) to infinity when
sampling error increases from 1% to 3%. The faat the level of significance is set to
562 implies a stringent correction for multiple testiand is arguably too stringent of a p-
value cutoff [1, 64, 65]. Perhaps a less consemat-value threshold would have served
better in increasing the resolution of the Zou Zhdo study. This would have filled the
immense gap occurring from the 1% to 3% samplimgrarate where the conclusion is

that anything more than a 1% sampling error ratea iskiss of death” for pooled
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genotyping association studies. Our study residesa less stringent cutoff of (p-value
<5¢?), although it has been argued that this thresisohdt stringent enough. Given that
our datasets consisted of 10,000 SNPs, a p-val&eofight yield 500 false positives
by chance alone along with the true positives. therSNP size in our study, this was
determined as an acceptable amount of “noise”. ld&kger SNP numbers in the 100,000
to 1,000,000 ranges as the current generation wbtgeing platforms can achieve, a
higher threshold will definitely be needed.

Our study uses a 3 locus disease model whichgept® more complex and more
“real world” model where there are multiple genesitdbuting to the allelic spectra of
disease, rather than additive or multiplicative eef§ of the heterozygous and
homozygous state of a single locus. This use mjlsilocus models for simulating
complex diseases misses the broader issue in dhgtlex diseases are due to multiple
loci. This is not due to poor research design leyipus groups, but rather to the lack of
the proper computational tools needed to createptbper models. This was a major
factor in initiating our study using a multi markeodel of complex disease, and using
genomeSIM as the genotype simulation package ieracdachieve it.

The choice of sample size was influenced by tlsalte of the type 2 diabetes
(T2D) and AMD studies. As a higher sample sizedlysis, the T2D GWA used 1,363
cases and controls to find 8 putative disease egsdcSNPs with low odds ratios of 1.19
to 2.77 [12]. As a lower sample sized evaluatitie, AMD GWA used 146 cases and
controls to yield 2 disease associated SNPs wigh loidds ratios of 4.6 to 7.5 [62].

These examples can be generalized to show thatlsasige needed for a GWA is a
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function of the disease relative risk or odds mtithe allele frequencies, and the
significance level cutoff.

A schematic from a review by Wang et. al. [1] @hgle size required for
properly powered GWA relative to allele frequendyvarying odds ratios is shown in

Figure 12
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The absolute sample size frdfigure 12is not the most important feature of the
graph. Different levels of threshold significararean additive disease model assumption
instead of multiplicative would change the sampiee srequirements substantially.
Rather, it is the shape of the curves and the degfrehange from the varying odds ratios
which is substantial. As the allele frequencieshaf disease associated SNPs becomes
smaller than 0.05 (or larger than 0.95), there isharp exponential increase in the
required sample size. This points to the diffiguit terms of large sample sizes needed,
and therefore large costs, of finding “rare” alteley GWA. This boundary between
common and rare alleles is not precisely defined, it the context of GWA has been
eluded at or near (MAF = 0.05). Indeed the HAPM#&Rsortium sets this figure as the
cutoff between “rare” and “common” alleles [27].

The fact that resolution of rare disease associatldes requires such large
sample sizes suggests that even current large G¥&le studies having hundreds, even
thousands of individuals may still not be adequapeiwered to detect these rare alleles.
As individual genotyping is already cost prohibatiwhen looking for the common
alleles, the potential usefulness if not necessitgooled genotyping as a cost effective
measure in GWA with large sample sizes is highégHurther.

In terms of sample size parameter selection forstmulation study, the lower
sample size requirements leijure 12suggest that a multiplicative complex disease SNP
with an odds ratio of 2.0 and MAF of 0.20 requiressample size of 200 to 300
individuals. The lower odds ratios required muatgér sample sizes, ~5,000 individuals
for odds ratio 1.2 at MAF 0.20. However, the peseatutoff in the Wang et. al. figure

was conservative at p-value Lland the disease model was multiplicative. Given t
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fact that our p-value cutoff was less stringent amdwere using an additive model as
well as a multiplicative model, we set the low eidample size at 200 individuals (100
cases and 100 controls). The fact that the AMDogexwide association resolved
highly penetrant markers with a 146 individual séangize reinforced the 200 sample
size starting point for our simulation parametéftom there, incremental increases in
sample sizes were iteratively processed until theificance threshold (p-value < Be
for was surpassed at a sample size of 1,000 fdmgpwith a multiplicative model at the
highest tested relative risk of 2Bigure §.

The sample size of 500 cases and 500 controlsuses for all other sub-sections
of the study because it represents a “sweet spgtibmt of inflection. In terms of the
relative risk ranges in our study, the sample siz&,000 yielded association testing p-
values which exceeded threshold cutoff significantdhe highest relative risk range
tested (2.5 - 10) and did not achieve significaatcthe lowest relative risk range (1.08 -
1.5). This was true for both the additive and nplittative models and also true for both
individual and pooled genotyping. Additionally,ceacombinatoric possibility of above
or below threshold between individual and pooledaggping is also seen at the sample
size of 1,000. For example, with a sample sizd4,600 in themultiplicative model,
pooled and individual genotyping both identifietl&atisease associated SNPs at relative
risk 2.5. At relative risk 2.0, only individual getyping resolved all 3 SNPs, while
pooling found none of them. At relative risk 1.5either pooling nor individual
genotyping were able to detect any of the SNPsabimeshold. Similar results are seen
in theadditive model All 3 SNPs were resolved by pooling and indigtdgenotyping

at relative risk 2.5 and also 2.0. At relativekris5, only individual genotyping was able
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to detect the 3 SNPs, while pooling found nonee BNPs fell short of the significance
threshold at a relative risk of 1.33 with the ad@itmodel Figure 3. Thus, the sample
size of 1,000 was chosen because it had all ofptssible combinations of above or
below threshold cutoffs; for both additive and nplitative models; and for both
individual genotyping and pooling. All of this agting within the chosen parameter

ranges of relative risk 1.08 — 2.5 and MAF 0.20.
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CHAPTER VI

CONCLUSIONS

The objective of this evaluation was to charazterihe differences between
individual genotyping and pooled allelotyping imntes of the nature of loss of resolution.
This objective was further defined to include smtsi addressing the comparisons in the
context of sampling error, genotyping error, refatrisk level, sample size, and additive
or multiplicative allelic disease spectrums.

It has been well supported that pooling will imlnae an additional source of error
into genome-wide association (GWA) analysis notsen¢ in individual genotyping;
sampling error [1, 38, 39, 48]. Further, this shngperror can substantially lower the
statistical power in a pooling based GWA analy88, [39]. The effect of sampling error
in pooled genotyping for our evaluation is showrFigure 10 Our results indicate that
sampling error has a dramatic effect on the ovexaility of a GWA to detect the true
disease associated markers. Sampling errors obd@05% in the additive complex
disease model lowered the result significancesheo goint that none of the disease
associated variants were detected above threshididse results are not as dramatic as
the Zou and Zhaou study [39] which concluded thatas not possible to achieve a
significance level of (p-value<S% at 80% power in a GWA using pooled allelotyping
with 3% sampling error rate. Another simulationdst by Pearson et. al. showed that
sampling error lowered the rank of the diseasecsal SNP from #1 out of 100,000
SNPs by individual genotyping to a rank >5,000 bglmg with 3% sampling error [6].

This would likely result in exclusion of the SNPtaaf even the most liberal p-value
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(<5€?) threshold cutoff. The same study concluded saatpling errors of 1% and 2%
lowered the ranks as well, but to a much lesseregegA 2% sampling error rate lead to
the SNP still ranked within the top 1,000 and a 4&mpling error yielded a top 10
ranking. Our results are generally in agreemeti wie Zou and Pearson data in that
sampling error is a critical factor and can berttled only to a small degree in pooled
GWA analysis. Sampling errors of 2% to 3% willrsfgcantly impact the overall results
to the point that the disease associated variaatg lme lost from the selection criteria
altogether. A critical question arises as to oVesampling error rate and, more
importantly, what minimum sampling error rates ezalistically achievable in practice.
A study by Kirov et. al. found that sampling errans the Affymetrix 10k genotyping
platform have a mean error rate of 1.37% [55]. iiddally, 95% of all the SNPs on the
10K have a rate of error <3.2%. This evaluatioaduthe Affymetrix 10K Xba 142 2.0
array. This in part lead our study to used tA@®a0 SNP model with a 2% sampling
error rate in our study; as sampling error had beelh characterized for a real 10,000
genotyping platform. The Kirov results cite thae tlOK error rate is similar to that of
genotyping platforms with fewer than 10,000 SNRK¢hether this error rate scales up to
the 100k, 500k, and 1 million platforms by Affym&ti{as well as other commercial
platforms) is unknown. There are marked difference Affeymetrix genotyping
platforms larger than 10K. Firstly, the number ofigets used to probe each SNP was
reduced from 40 on the 10K array to 24 on the highanber arrays. Quartets are
comprised of perfect match and a mismatch for thd-type and variant alleles. Thus
each quartet for a SNP consists of: 1) allele “&tfpct match; 2) allele “A” mismatch;

3) allele “a” perfect match; 4) allele “a” mismatchAdditionally, the feature size has
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been reduced from 8 microns in the 10K array toi&ans in the higher number SNP
arrays.

Our results for the effect of genotyping error ttast to that of sampling error.
We found that both individual and pooled genotypang not as dramatically affected by
genotyping error as by sampling error. Althougthbadividual and pooled genotyping
are significantly affected by genotyping errorsstame degree, our results show that this
is much less of a factor in overall results thae #ffect of sampling error on pooled
allelotyping. We found that genotyping errors eugrto 10% were less detrimental than
a sampling error increase of only 1%dure 9. For the parameters tested (relative risk
of 2.0 and sample size 1,000) genotyping erroroup0 did not drop any significance
levels out of the threshold cutoff of <&e In contrast, a sampling error rate of 3%
lessened the significance of pooled associatiamteso well out of the threshold range
and none of the 3 disease associated variants deteetable. Future analysis may
examine this with a lower level of relative risk fmwer samples as the dynamics of
genotyping error may change at different levelshe Tevaluation did not consider
genotyping error rates greater than 10% as thisbeas used an indication of “poor
qguality” DNA that has degraded. Indeed, studiedwge any results where <90% of the
SNPs are called across the samples or total atafpqn call rates are <85% [6, 7]. The
method of genotype error generation by our genosipaulator, genomeSIM, uses a
uniform random distribution.

In terms of allelic spectrum of complex diseaseqd @he differences between

additive and multiplicative variant resolution fioidividual and pooled genotyping were

86



examined. Our results conclude that common diseaghsan additive allele effect are

more readily resolved by both individual genotypargl pooling Figure 13.
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Both individual and pooled genotyping resolved3atiisease associated variants
at a lower minimum relative risk in the additive aeb than the multiplicative model.
This is not surprising as other groups have sugdesiat additive common diseases are
more amenable to GWA analysis in general [1, 16pKing at the graph of the allelic
spectra of the disease moddtgy(re 3, it is clear that the non-end points of the addit
model all have a higher disease probability thandbrresponding multiplicative model
points.

The penetrance functions for disease probabilityeve®nstructed by making a 3
locus bi-allelic model. These models would haveg@gsible genotype combinations, but
these states would bin into 7 levels of diseasefpance corresponding to the number of
disease associated alleles present (0 to 6). Téxeogbpy rate of 10% was the baseline in
all of the penetrance functions. This 10% disgasbability phenocopy represents the
background non-genetic disease probability in ikkase model functions where none of
the disease associated variants are present igetieype. The end-point relative risks
(corresponding to 6 disease associated allelentaria the genotype) ranged from 1.5 to
10.0. They were set to cover the ranges of reatisk or odds ratios seen in recent
GWA analysis[2]. For a low end odds ratios, typdigbetes alleles having odds ratios of
1.19 — 1.3 are cited as examples [12-14, 47]. Agl end of odds ratios, the AMD data
with odds ratios of 5 to 7 are cited as exampl@s §6, 67] as well as Alzheimer’'s ApoE-
4 with odds ratios of 3 to 8 [6].

Our penetrance functions were created with redatigks as opposed to odds
ratios. This was done in order to make the resntise general and therefore applicable

to a range of complex disease characteristics. r@lagve risk is defined as the ratio of
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disease probability given the disease genotype theeprobability of disease given the
disease genotype is not present. For example d-typke genotype with disease
probability of 0.10 and a disease genotype havidgéase associated SNP and a disease
probability of 0.20 will have a relative risk of@.Theodds ratio is defined as the odds
of disease given disease genotype over the oddsseése given no disease genotype.
Using the same probabilities as the previous exanthe odds of disease an individual
with a disease genotype is calculated as the pilitgabf having the disease given
disease genotype over the probability of not hadisgase given the disease genotype,
[ = ) ]. The odds of disease in an individual with wijghe
genotype are [ * ]. And the odds ratio is the ratio of odds of dise in an
individual with the disease genotype over the odfddisease in an individual with the
wild-type genotyper ) * = 2.25. Odds ratio and relative risk
asymptotically approach each other as they becdose ¢o 1, and as such were used
somewhat interchangeably relating GWA results fritia field with our study at the
levels of relative risk tested. Odds ratios arerenmformative than relative risk in
specific disease examples because they take the afddisease and non-disease into
account. However, relative risk is a more gensrehsure and more appropriate for our
study as the objective is to examine the geners¢ cd common disease rather than a
specific disease with known odds in the population.

The result was the creation of 20 penetrance imdb represent additive and
multiplicative models which low range from relativisks of 1.07 for a single disease
SNPs to 1.5 for 6 disease SNPs; to a high rangelative risk 2.5 for a single disease

variant to 10.0 for 6 SNPs. The multiplicative ¢tions, by definition, will have lower
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penetrance probabilities in the genotypes with b tdisease associated SNPs because
they have the same 0 and 6 disease allele penetpamdabilities as the additive
functions. The result is that the causal variameated using the multiplicative model
penetrance functions were less resolvable thamaddédive model template. Further, the
gap in minimum resolvable relative risk betweenivitial genotyping and pooled
genotyping was twice as large in the multiplicatimedel than in the additive model.
These results suggest that pooled allelotypingusiniess viable in identifying common
disease associated loci with a multiplicative dffdaracteristic.

The choice of a liberal p-value cutoff threshofcse? was made in the context of
passing on an acceptable number of putative catedaksociations for further analysis.
This p-value threshold will falsely identify ~500NBs from 10,000 SNPs tested as
disease associated when they are actually dueattcetalone. Other groups have argued
for the use of a Bonferroni correction to accowntrhultiple testing [22]. Indeed, a p-
value of <5& is useless for genotyping platforms with one millior even 100,000
SNPs. For example, using this p-value on a 1,@M0BNP platform would result in
~50,000 false positives. However, Bonferroni asssinmdependence of SNPs. Given
the fact that 70-80% of the human genome is imgtiddD [27], the assumption of SNP
independence does not hold and as a result Bonfelstecomes over stringent.
Additionally, if Bonferroni is to be used, the sdmpize required to achieve this “lofty”
significance level becomes very large. Alternatsteategies have been proposed to
access proper significance levels such as a Bayegiproach toward determining the
likelihood a true association [68]. Alternativelgermutation testing offers a good

solution to empirically assessing the probabilitynaving observed a particular result by
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chance[16]. Using the association test statistic, a threshotdsfgnificance in whole-
genome association analysis can be derived emipiricdhus, permutation testing can
be conducted where the status of case or contrahomized in the population and a p-
value is derived from the association test statigélues [69]. The question of proper
significance levels for GWA studies remains thejasctof current research and debate.

It has been suggested that a multiphase hybrigmdesuld incorporate pooling as
the first round “broad” sweep in a genome wide asgimn scan and subsequent
individual genotyping on candidate regions or SNIBs16, 38]. In this way, the cost
effective gain in efficiency could be realized bging pooling to generate a list of
putative associated SNPs. Even if many of theo@ated” SNPs are false positives,
later rounds of testing would benefit with fewer B\to test via the pooled information.
Our study further supports the position that pookdtelotyping is not a viable
replacement for individual genotyping, but has teal potential as a useful screening
tool at the whole-genome level.

Our work has created a system which allows for dimect evaluation and
comparison of pooled allelotyping versus individuggnotyping for genome-wide
association analysis of complex disease. Thisdeag by using existing bioinformatics
tools; GenomeSIM for genotype simulations of comptissease [49]; Haploview for
individual genotyping [50]; and an extensively nfat version of the Pooled DNA
analyzer [51] termed sm_PDA for pooled allelotypingdditionally, MATLAB scripts
to process and parse the files allowed the toolsetoonnected as a single process. It is
clear that pooled allelotyping for genome-wide ass#toon studies has both benefits and

disadvantages. To be successful, a study will havecarefully weigh these
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considerations in the experimental design phasée fotential savings of time and
money due to less overall genotyping must be chyefteighed against the degree and
characteristics of power and information reducedhim pooling approach. Our system

allows for these considerations to be assesseltliadgd, and compared.
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APPENDIX A: PENETRANCE TABLES AND MATLAB CODE
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Penetrance Table 1 for Relative Risk Range 1.08 -1 .50
Uppercase [A, B, or C] denotes non-disease assediallele
Lowercase [a, b, or c] denotes disease associatedn allele
Heterozygotes for single disease variant locusliggted in yellow
Homozygotes for 2 disease variant allele locus llggked in blue
)
0 &
AA BB CcC AABBCC 0.1000 0.1000
Aa BB CC AaBBCC 0.1083 0.1070
AA Bb CC AABbCC 0.1083 0.1070
AA BB Cc AABBCc 0.1083 0.1070
aa BB CcC aaBBCC 0.1167 0.1145
Aa Bb CcC AaBbCC 0.1167 0.1145
AA bb CcC AAbbCC 0.1167 0.1145
Aa BB Cc AaBBCc 0.1167 0.1145
AA Bb Cc AABbCc 0.1167 0.1145
AA BB cc AABBcc 0.1167 0.1145
aa Bb CcC aaBbCC 0.1250 0.1225
Aa bb CcC AabbCC 0.1250 0.1225
aa BB Cc aaBBCc 0.1250 0.1225
Aa Bb Cc AaBbCc 0.1250 0.1225
AA bb Cc AAbbCc 0.1250 0.1225
Aa BB cc AaBBcc 0.1250 0.1225
AA Bb cc AABbcc 0.1250 0.1225
aa bb CcC aabbCC 0.1333 0.1310
aa Bb Cc aaBbCc 0.1333 0.1310
Aa bb Cc AabbCc 0.1333 0.1310
aa BB cc aaBBcc 0.1333 0.1310
Aa Bb cc AaBbcc 0.1333 0.1310
AA bb cc AAbbcc 0.1333 0.1310
aa bb Cc aabbCc 0.1417 0.1402
aa Bb cc aaBbcc 0.1417 0.1402
Aa bb cc Aabbcc 0.1417 0.1402
aa bb cc aabbcc 0.1500 0.1500
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Penetrance Table 2 for Relative Risk 1.16 — 2.0

Uppercase [A, B, or C] denotes non-disease assedialiele
Lowercase [a, b, or c] denotes disease associaaeidnt allele

Heterozygotes for single disease variant locusligbted in yellow
Homozygotes for 2 disease variant allele locus liagked in blue

7 0 7 9

AA BB CcC AABBCC  0.1000 0.1000
Aa BB CcC AaBBCC 0.1167 0.1122
AA Bb CcC AABbCC 0.1167 0.1122
AA BB Cc AABBCc 0.1167 0.1122
aa BB CcC aaBBCC 0.1333 0.1260
Aa Bb CcC AaBbCC 0.1333 0.1260
AA bb CcC AAbbCC 0.1333 0.1260
Aa BB Cc AaBBCc 0.1333 0.1260
AA Bb Cc AABbCc 0.1333 0.1260
AA BB cc AABBcc 0.1333 0.1260
aa Bb CcC aaBbCC 0.1500 0.1414
Aa bb CcC AabbCC 0.1500 0.1414
aa BB Cc aaBBCc 0.1500 0.1414
Aa Bb Cc AaBbCc 0.1500 0.1414
AA bb Cc AAbbCc 0.1500 0.1414
Aa BB cc AaBBcc 0.1500 0.1414
AA Bb cc AABDbcc 0.1500 0.1414
aa bb CcC aabbCC 0.1667 0.1587
aa Bb Cc aaBbCc 0.1667 0.1587
Aa bb Cc AabbCc 0.1667 0.1587
aa BB cc aaBBcc 0.1667 0.1587
Aa Bb cc AaBbcc 0.1667 0.1587
AA bb cc AAbbcc 0.1667 0.1587
aa bb Cc aabbCc 0.1833 0.1782
aa Bb cc aaBbcc 0.1833 0.1782
Aa bb cc Aabbcc 0.1833 0.1782
aa bb cc aabbcc 0.2000 0.2000
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Penetrance Table 3 for Relative Risk 1.33 — 3.0

Uppercase [A, B, or C] denotes non-disease assedialiele
Lowercase [a, b, or c] denotes disease associaaeidnt allele

Heterozygotes for single disease variant locusligbted in yellow
Homozygotes for 2 disease variant allele locus liagked in blue

Disease Associated Locu: Disease Risk (Probability)

AA BB CcC AABBCC  0.1000 0.1000
Aa BB CC AaBBCC 0.1333 0.1201
AA Bb CcC AABbCC 0.1333 0.1201
AA BB Cc AABBCc 0.1333 0.1201
aa BB CcC aaBBCC 0.1667 0.1442
Aa Bb CcC AaBbCC 0.1667 0.1442
AA bb CcC AAbbCC 0.1667 0.1442
Aa BB Cc AaBBCc 0.1667 0.1442
AA Bb Cc AABbCc 0.1667 0.1442
AA BB cc AABBcc 0.1667 0.1442
aa Bb CcC aaBbCC 0.2000 0.1732
Aa bb CcC AabbCC 0.2000 0.1732
aa BB Cc aaBBCc 0.2000 0.1732
Aa Bb Cc AaBbCc 0.2000 0.1732
AA bb Cc AAbbCc 0.2000 0.1732
Aa BB cc AaBBcc 0.2000 0.1732
AA Bb cc AABbcc 0.2000 0.1732
aa bb CcC aabbCC 0.2333 0.2080
aa Bb Cc aaBbCc 0.2333 0.2080
Aa bb Cc AabbCc 0.2333 0.2080
aa BB cc aaBBcc 0.2333 0.2080
Aa Bb cc AaBbcc 0.2333 0.2080
AA bb cc AAbbcc 0.2333 0.2080
aa bb Cc aabbCc 0.2667 0.2498
aa Bb cc aaBbcc 0.2667 0.2498
Aa bb cc Aabbcc 0.2667 0.2498
aa bb cc aabbcc 0.3000 0.3000
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Penetrance Table 4 for Relative Risk 1.5 - 4.0

Uppercase [A, B, or C] denotes non-disease assedialiele
Lowercase [a, b, or c] denotes disease associaaeidnt allele

Heterozygotes for single disease variant locusligbted in yellow
Homozygotes for 2 disease variant allele locus liagked in blue

Disease Associated Locu: Disease Risk (Probability)

AA BB CcC AABBCC  0.1000 0.1000
Aa BB CC AaBBCC 0.1500 0.1260
AA Bb CcC AABbCC 0.1500 0.1260
AA BB Cc AABBCc 0.1500 0.1260
aa BB CcC aaBBCC 0.2000 0.1587
Aa Bb CcC AaBbCC 0.2000 0.1587
AA bb CcC AAbbCC 0.2000 0.1587
Aa BB Cc AaBBCc 0.2000 0.1587
AA Bb Cc AABbCc 0.2000 0.1587
AA BB cc AABBcc 0.2000 0.1587
aa Bb CcC aaBbCC 0.2500 0.2000
Aa bb CcC AabbCC 0.2500 0.2000
aa BB Cc aaBBCc 0.2500 0.2000
Aa Bb Cc AaBbCc 0.2500 0.2000
AA bb Cc AAbbCc 0.2500 0.2000
Aa BB cc AaBBcc 0.2500 0.2000
AA Bb cc AABbcc 0.2500 0.2000
aa bb CcC aabbCC 0.3000 0.2520
aa Bb Cc aaBbCc 0.3000 0.2520
Aa bb Cc AabbCc 0.3000 0.2520
aa BB cc aaBBcc 0.3000 0.2520
Aa Bb cc AaBbcc 0.3000 0.2520
AA bb cc AAbbcc 0.3000 0.2520
aa bb Cc aabbCc 0.3500 0.3175
aa Bb cc aaBbcc 0.3500 0.3175
Aa bb cc Aabbcc 0.3500 0.3175
aa bb cc aabbcc 0.4000 0.4000
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Penetrance Table 5 for Relative Risk 1.66 — 5.0

Uppercase [A, B, or C] denotes non-disease assedialiele
Lowercase [a, b, or c] denotes disease associaaeidnt allele

Heterozygotes for single disease variant locusligbted in yellow
Homozygotes for 2 disease variant allele locus liagked in blue

Disease Associated Locu: Disease Risk (Probability)

AA BB CcC AABBCC  0.1000 0.1000
Aa BB CC AaBBCC 0.1667 0.1308
AA Bb CcC AABbCC 0.1667 0.1308
AA BB Cc AABBCc 0.1667 0.1308
aa BB CcC aaBBCC 0.2333 0.1710
Aa Bb CcC AaBbCC 0.2333 0.1710
AA bb CcC AAbbCC 0.2333 0.1710
Aa BB Cc AaBBCc 0.2333 0.1710
AA Bb Cc AABbCc 0.2333 0.1710
AA BB cc AABBcc 0.2333 0.1710
aa Bb CcC aaBbCC 0.3000 0.2236
Aa bb CcC AabbCC 0.3000 0.2236
aa BB Cc aaBBCc 0.3000 0.2236
Aa Bb Cc AaBbCc 0.3000 0.2236
AA bb Cc AAbbCc 0.3000 0.2236
Aa BB cc AaBBcc 0.3000 0.2236
AA Bb cc AABbcc 0.3000 0.2236
aa bb CcC aabbCC 0.3667 0.2924
aa Bb Cc aaBbCc 0.3667 0.2924
Aa bb Cc AabbCc 0.3667 0.2924
aa BB cc aaBBcc 0.3667 0.2924
Aa Bb cc AaBbcc 0.3667 0.2924
AA bb cc AAbbcc 0.3667 0.2924
aa bb Cc aabbCc 0.4333 0.3824
aa Bb cc aaBbcc 0.4333 0.3824
Aa bb cc Aabbcc 0.4333 0.3824
aa bb cc aabbcc 0.5000 0.5000
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Penetrance Table 6 for Relative Risk 1.83 — 6.0

Uppercase [A, B, or C] denotes non-disease assedialiele
Lowercase [a, b, or c] denotes disease associaaeidnt allele

Heterozygotes for single disease variant locusligbted in yellow
Homozygotes for 2 disease variant allele locus liagked in blue

Disease Associated Locu: Disease Risk (Probability)

AA BB CcC AABBCC  0.1000 0.1000
Aa BB CC AaBBCC 0.1833 0.1348
AA Bb CcC AABbCC 0.1833 0.1348
AA BB Cc AABBCc 0.1833 0.1348
aa BB CcC aaBBCC 0.2667 0.1817
Aa Bb CcC AaBbCC 0.2667 0.1817
AA bb CcC AAbbCC 0.2667 0.1817
Aa BB Cc AaBBCc 0.2667 0.1817
AA Bb Cc AABbCc 0.2667 0.1817
AA BB cc AABBcc 0.2667 0.1817
aa Bb CcC aaBbCC 0.3500 0.2449
Aa bb CcC AabbCC 0.3500 0.2449
aa BB Cc aaBBCc 0.3500 0.2449
Aa Bb Cc AaBbCc 0.3500 0.2449
AA bb Cc AAbbCc 0.3500 0.2449
Aa BB cc AaBBcc 0.3500 0.2449
AA Bb cc AABbcc 0.3500 0.2449
aa bb CcC aabbCC 0.4333 0.3302
aa Bb Cc aaBbCc 0.4333 0.3302
Aa bb Cc AabbCc 0.4333 0.3302
aa BB cc aaBBcc 0.4333 0.3302
Aa Bb cc AaBbcc 0.4333 0.3302
AA bb cc AAbbcc 0.4333 0.3302
aa bb Cc aabbCc 0.5167 0.4451
aa Bb cc aaBbcc 0.5167 0.4451
Aa bb cc Aabbcc 0.5167 0.4451
aa bb cc aabbcc 0.6000 0.6000
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Penetrance Table 7 for Relative Risk 2.0 - 7.0

Uppercase [A, B, or C] denotes non-disease assedialiele
Lowercase [a, b, or c] denotes disease associaaeidnt allele

Heterozygotes for single disease variant locusligbted in yellow
Homozygotes for 2 disease variant allele locus liagked in blue

Disease Associated Locu: Disease Risk (Probability)

AA BB CcC AABBCC  0.1000 0.1000
Aa BB CC AaBBCC 0.2000 0.1383
AA Bb CcC AABbCC 0.2000 0.1383
AA BB Cc AABBCc 0.2000 0.1383
aa BB CcC aaBBCC 0.3000 0.1913
Aa Bb CcC AaBbCC 0.3000 0.1913
AA bb CcC AAbbCC 0.3000 0.1913
Aa BB Cc AaBBCc 0.3000 0.1913
AA Bb Cc AABbCc 0.3000 0.1913
AA BB cc AABBcc 0.3000 0.1913
aa Bb CcC aaBbCC 0.4000 0.2646
Aa bb CcC AabbCC 0.4000 0.2646
aa BB Cc aaBBCc 0.4000 0.2646
Aa Bb Cc AaBbCc 0.4000 0.2646
AA bb Cc AAbbCc 0.4000 0.2646
Aa BB cc AaBBcc 0.4000 0.2646
AA Bb cc AABbcc 0.4000 0.2646
aa bb CcC aabbCC 0.5000 0.3659
aa Bb Cc aaBbCc 0.5000 0.3659
Aa bb Cc AabbCc 0.5000 0.3659
aa BB cc aaBBcc 0.5000 0.3659
Aa Bb cc AaBbcc 0.5000 0.3659
AA bb cc AAbbcc 0.5000 0.3659
aa bb Cc aabbCc 0.6000 0.5061
aa Bb cc aaBbcc 0.6000 0.5061
Aa bb cc Aabbcc 0.6000 0.5061
aa bb cc aabbcc 0.7000 0.7000
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Penetrance Table 8 for Relative Risk 2.16 — 8.0

Uppercase [A, B, or C] denotes non-disease assedialiele
Lowercase [a, b, or c] denotes disease associaaeidnt allele

Heterozygotes for single disease variant locusligbted in yellow
Homozygotes for 2 disease variant allele locus liagked in blue

Disease Associated Locu: Disease Risk (Probability)

AA BB CcC AABBCC  0.1000 0.1000
Aa BB CC AaBBCC 0.2167 0.1414
AA Bb CcC AABbCC 0.2167 0.1414
AA BB Cc AABBCc 0.2167 0.1414
aa BB CcC aaBBCC 0.3333 0.2000
Aa Bb CcC AaBbCC 0.3333 0.2000
AA bb CcC AAbbCC 0.3333 0.2000
Aa BB Cc AaBBCc 0.3333 0.2000
AA Bb Cc AABbCc 0.3333 0.2000
AA BB cc AABBcc 0.3333 0.2000
aa Bb CcC aaBbCC 0.4500 0.2828
Aa bb CcC AabbCC 0.4500 0.2828
aa BB Cc aaBBCc 0.4500 0.2828
Aa Bb Cc AaBbCc 0.4500 0.2828
AA bb Cc AAbbCc 0.4500 0.2828
Aa BB cc AaBBcc 0.4500 0.2828
AA Bb cc AABbcc 0.4500 0.2828
aa bb CcC aabbCC 0.5667 0.4000
aa Bb Cc aaBbCc 0.5667 0.4000
Aa bb Cc AabbCc 0.5667 0.4000
aa BB cc aaBBcc 0.5667 0.4000
Aa Bb cc AaBbcc 0.5667 0.4000
AA bb cc AAbbcc 0.5667 0.4000
aa bb Cc aabbCc 0.6833 0.5657
aa Bb cc aaBbcc 0.6833 0.5657
Aa bb cc Aabbcc 0.6833 0.5657
aa bb cc aabbcc 0.8000 0.8000
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Penetrance Table 9 for Relative Risk 2.33 - 9.0

Uppercase [A, B, or C] denotes non-disease assedialiele
Lowercase [a, b, or c] denotes disease associaaeidnt allele

Heterozygotes for single disease variant locusligbted in yellow
Homozygotes for 2 disease variant allele locus liagked in blue

Disease Associated Locu: Disease Risk (Probability)

AA BB CcC AABBCC  0.1000 0.1000
Aa BB CC AaBBCC 0.2333 0.1442
AA Bb CcC AABbCC 0.2333 0.1442
AA BB Cc AABBCc 0.2333 0.1442
aa BB CcC aaBBCC 0.3667 0.2080
Aa Bb CcC AaBbCC 0.3667 0.2080
AA bb CcC AAbbCC 0.3667 0.2080
Aa BB Cc AaBBCc 0.3667 0.2080
AA Bb Cc AABbCc 0.3667 0.2080
AA BB cc AABBcc 0.3667 0.2080
aa Bb CcC aaBbCC 0.5000 0.3000
Aa bb CcC AabbCC 0.5000 0.3000
aa BB Cc aaBBCc 0.5000 0.3000
Aa Bb Cc AaBbCc 0.5000 0.3000
AA bb Cc AAbbCc 0.5000 0.3000
Aa BB cc AaBBcc 0.5000 0.3000
AA Bb cc AABbcc 0.5000 0.3000
aa bb CcC aabbCC 0.6333 0.4327
aa Bb Cc aaBbCc 0.6333 0.4327
Aa bb Cc AabbCc 0.6333 0.4327
aa BB cc aaBBcc 0.6333 0.4327
Aa Bb cc AaBbcc 0.6333 0.4327
AA bb cc AAbbcc 0.6333 0.4327
aa bb Cc aabbCc 0.7667 0.6240
aa Bb cc aaBbcc 0.7667 0.6240
Aa bb cc Aabbcc 0.7667 0.6240
aa bb cc aabbcc 0.9000 0.9000
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Penetrance Table 10 for Relative Risk 2.5 -10.0

Uppercase [A, B, or C] denotes non-disease assedialiele
Lowercase [a, b, or c] denotes disease associaaeidnt allele

Heterozygotes for single disease variant locusligbted in yellow
Homozygotes for 2 disease variant allele locus liagked in blue

Disease Associated Locu: Disease Risk (Probability)

AA BB CcC AABBCC  0.1000 0.1000
Aa BB CC AaBBCC 0.2500 0.1468
AA Bb CcC AABbCC 0.2500 0.1468
AA BB Cc AABBCc 0.2500 0.1468
aa BB CcC aaBBCC 0.4000 0.2154
Aa Bb CcC AaBbCC 0.4000 0.2154
AA bb CcC AAbbCC 0.4000 0.2154
Aa BB Cc AaBBCc 0.4000 0.2154
AA Bb Cc AABbCc 0.4000 0.2154
AA BB cc AABBcc 0.4000 0.2154
aa Bb CcC aaBbCC 0.5500 0.3162
Aa bb CcC AabbCC 0.5500 0.3162
aa BB Cc aaBBCc 0.5500 0.3162
Aa Bb Cc AaBbCc 0.5500 0.3162
AA bb Cc AAbbCc 0.5500 0.3162
Aa BB cc AaBBcc 0.5500 0.3162
AA Bb cc AABbcc 0.5500 0.3162
aa bb CcC aabbCC 0.7000 0.4642
aa Bb Cc aaBbCc 0.7000 0.4642
Aa bb Cc AabbCc 0.7000 0.4642
aa BB cc aaBBcc 0.7000 0.4642
Aa Bb cc AaBbcc 0.7000 0.4642
AA bb cc AAbbcc 0.7000 0.4642
aa bb Cc aabbCc 0.8500 0.6813
aa Bb cc aaBbcc 0.8500 0.6813
Aa bb cc Aabbcc 0.8500 0.6813
aa bb cc aabbcc 1.0000 1.0000
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CODE: GENOMESIM_2_PDA.M

function[PoolAF SnpName IndPI] = genomeSIM2PDA(in)

%input (in) = 10,001(1 disease state + 10k SNP)

by 200 - 1000 (100-500cases / 100-500 contro#)ix:

%column 1 = Major Allele Freq for Controls
%column 2 = Minor Allele Freq for Controls
%column 3 = Major AF for Cases
%column 4 - Minor AF for Cases

%output (out) = (number_of _SNPS+1) by 5 matrix

%
%
%
%
%

columnl = disease state (1 for control || Z&se)
column2 = SNP number (name)

column3 = number of samples in pool (casemfjals)
column4 = Major AF

column5 = Minor AF

%%9%%%%%%% %% %% %% %% %% %% % %% %% %% % %% %% %% %% %% %% %

[number_of_samples number_of SNPS] = size(in);
globalnumber_of cases;

number_of_cases = length(find(in(:,1)==1));
globalnumber_of_controls;

number_of_controls = length(find(in(:,1)==0));
alellefreq = zeros(4,number_of SNPS);

controlfreq = zeros(2,number_of SNPS);

casefreq = zeros(2,number_of SNPS);

for sample_row = 1:number_of samples

if in(sample_row,1)==06control sample (non-disease)
for ii = 1:number_of SNPS
if in(sample_row,ii)==0%'aa’ = homozygous little 'a’
controlfreq(1,ii)=controlfreq(12;
elseifin(sample_row,ii)==P46'Aa’ = heterozygous
controlfreq(1,ii)=controlfreq(1};
controlfreq(2,ii)=controlfreq(2;};
elseifin(sample_row,ii)==20'AA" = homozygous big ‘A’
controlfreq(2,ii)=controlfreq(2;2;
end
end
elseifin(sample_row,1)==%case sample (disease)
for ii = 1:number_of SNPS
if in(sample_row,ii)==0
casefreq(1,ii)=casefreq(1,ii)+2;
elseifin(sample_row,ii)==1
casefreq(1,ii)=casefreq(1,ii)+1;
casefreq(2,ii)=casefreq(2,ii)+1;
elseifin(sample_row,ii)==2
casefreq(2,ii)=casefreq(2,ii)+2;
end
end
end

end
for jj = 1:number_of SNPS

alellefreq(1,jj) = controlfreq(1,jj)/(controkig(1,jj)+ controlfreq(2,jj));
alellefreq(2,jj) = controlfreq(2,jj)/(controkig(1,jj)+ controlfreq(2,jj));

105



alellefreq(3,jj) = casefreq(1,jj)/(casefreqjiisjcasefreq(2,jj));
alellefreq(4,jj) = casefreq(2,jj)/(casefreqjiisjcasefreq(2,jj));
end
%0%0% %% %% % %% % %% %% %% %% % %% %% %% % %% %% %% % %% %% % %% %%

alellefreq = alellefreq’;

out_temp = zeros(number_of SNPS*2,5);
PoolAF = zeros(number_of SNPS*2,5);
SnpName = zeros(number_of SNPS,1);
IndPI = ones(number_of SNPS,4);

% Create columnl = 1 for control, 2 for case
out_temp(1l:number_of SNPS,1) =1;
out_temp(number_of SNPS+1:end,1) = 2;

% Create column2 = SNP number

for ii = 1:number_of SNPS
out_temp(ii,2) = ii;

end

for jj = L:number_of SNPS
out_temp(number_of _SNPS+jj,2) = jj;

end

% Create column3 = number of samples in pool
out_temp(1l:number_of SNPS,3) = number_of cases;
out_temp(number_of SNPS+1:end,3) = number_of clsntro

% create cols 4 - allele freq controls
out_temp(1l:number_of SNPS,4) = alellefreq(:,1);
out_temp(number_of SNPS+1:end,4) = alellefreq(:,3);
out_temp(1l:number_of SNPS,5) = alellefreq(:,2);
out_temp(number_of SNPS+1:end,5) = alellefreq(:,4);

PoolAF = out_temp;

SnpName = out_temp(1:number_of SNPS,2);
IndPI(:,2) = SnpName(1l:number_of_SNPS,1);
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CODE: GENOMESIM_2_HAPLOVIEW.M

function [haploviewPED haploviewINF] = genomeSIM2haploviévy(

[samples SNPs] = size(in);
out=zeros(samples,SNPs*2);
haploview_header = zeros(samples,6);
haploviewINF = zeros(samples,?2);
kk = 1; %column counter for 0 and 1 of genotypes
for ii = 1:samples
if mod(ii,100)==0
fprintf(\ndone with %d samples\n',ii)
end
for jj = 1:SNPs% row counter
if in(ii,j)==0
out(ii,kk) = 1;
out(ii,kk+1)=1;
elseifin(ii,jj)==1
out(ii,kk)=1;
out(ii,kk+1)=2;
elseifin(ii,jj)==2
out(ii,kk)=2;
out(ii,kk+1)=2;
end%for jj
kk = kk+2:% go forward 2 cols
end% for ii
kk = 1; %reset out array to begining col of tneddumn
end% for kk

%ocreate first 6 columns for HAPLOVIEW header

for qq = 1:samples
haploview_header(qq,1) = dgisample number
haploview_header(qq,2) = 5Z&alphanumeric ID for family name
%columns 3 and 4 are for father and mothemlEamily studies
haploview_header(qq,5) =431 = male , 2 = female
haploview_header(qq,6) = in(qq,1)+®4;gSIM infile has (0 = control)
% and (1 = case) haploview format needs (1se);d2 = control)

end

for ww = 1:SNPs
haploviewINF(ww,1:2)=ww;

end

clearin;

formatshort

fprintf('\ntime_to_calculate%d \n',toc);

haploviewPED = cat(2,haploview_header,out);

fprintf('\ndone_genomeSIM2haploview');

% dimwrite(*haploview.ped',haploviewPED,'delimit&t);

% dimwrite(‘haploview.inf',haploviewINF,'delimitgkt");

% fprintf(‘time_to_DLM write%d \n',toc);
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CODE: PDA_2_PVAL.M:

functionautomate_PDA2pval_maf3(error)

rank_matrix = [];
pval_all_rr_vals=I[];
stdev_pval_all_rr_vals=[];

for RR=[4 7 10]
for ind = 500
for rep = 1:100
load _it = sprintibad PDA cpr_add RR%d_maf3 rep%d_se%dRR,rep,error);
eval(load_it);
rank_fname = sprinfDA_cpr_add_RR%d_maf3_rep%d_seRR,rep,error);
a = eval(rank_fname);
rank_matrix = cat(1,rank_matrix,a);
end%for rep

% sort 100 rep matrix of RR by pval (col#3)

sorted_by pval = sortrows(rank_matrix,[}; 3]

%sorted_by pval fname=sprintf(PDA_cpr_imamulti RR%d_ind%d_se%d.txt',RR,ind,error);
%dImwrite(sorted_by pval_fname,sorted_bwlpdelimiter’,\t");

%pull out causal SNPs and average their (jooa#3) of
SNP_6_sum =0;SNP_11 sum =0;SNP_16 sum=0
SNP_6_count = 0;SNP_11_count = O;SNP_1&itco0;
for ii = 1:size(sorted_by pval,1)
if sorted_by_pval(ii,1)==6
SNP_6_sum = SNP_6_sum + sorted \aj(ip3);
SNP_6_count = SNP_6_count+1;
elseifsorted_by pval(ii,1)==11
SNP_11 sum = SNP_11 sum + sortedoual(ii,3);
SNP_11 count=SNP_11 count+1;
elseifsorted_by pval(ii,1)==16
SNP_16_sum = SNP_16_sum + sortedoval(ii,3);
SNP_16_count = SNP_16_count+1,;
end%sorted_by pval
end% for ii

% pvals for this RR set of 100 reps
stdev_SNPa = std(sorted_by_pval(1:100,3));
stdev_SNPb = std(sorted_by pval(101:200,3))
stdev_SNPc = std(sorted_by pval(201:300,3))
average_pval_temp =
[SNP_6_sum/SNP_6_count;SNP_11 sum/SNP_11 countBNBum/SNP_16_count];
average_pval_fname = spriftfpA_average_pval_add_RR%d_maf3_se%RR,error);
stdev_pval_temp = [stdev_SNPa; stdev_SNfley SNPc];
stdev_pval_fname = sprinfDA_stdev_pval_add_RR%d_maf3_se%dRR,error);
dimwrite(average_pval_fname, average_peatp);
dimwrite(stdev_pval_fname, stdev_pval_temp)

% concat data with all RR samples

pval_all_rr_vals = cat(2,pval_all_rr_valseage pval_temp);
stdev_pval_all_rr_vals = cat(2,stdev_pvhlra vals,stdev_pval_temp);
rank_matrix = [];
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end% for ind

final_pval_fname = sprintf{nal_pval_add_RR%d_maf3_se%d.RR,error);
dimwrite(final_pval_fname,pval_all_rr_vals);

final_stdev_pval_fname = sprinffijal_pval stdev_add_RR%d_maf3_se%dRR,error);
%eval(final_pval_fname);

dimwrite(final_stdev_pval_fname,stdev_pval_allvals);
end%for RR
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CODE: HAPLOVIEW_2_PVAL.M
functionautomate_ HAP2pval.m

rank_matrix = [];
rank_all_rr_vals=[];
pval_all_rr_vals=[];
stdev_pval_all_rr_vals=[];

for param_1 = 0:5

%Iload 100 repition values of RR set into matrix

for rep = 1:100
load_it = sprintfoad Hap_pval rank ge%d %d.jgaram_1,rep);
eval(load_it);
rank_fname = sprintf(ap_pval_rank_ge%d_%param_1,rep);
a = eval(rank_fname);
rank_matrix = cat(1,rank_matrix,a);

end%for rep

% % sort 100 rep matrix of RR by rank

% sorted by rank = sortrows(rank_matrix,4);

% sorted_by rank fname=sprintf(HAP_sorted r&iR%d.txt',param_1);
%  dimwrite(sorted_by rank_fname,sorted by rdekmiter','\t");

%pull out causal SNPs and average their RANKS#8plof
%rank matrix
SNP_6_sum =0;SNP_11 sum =0;SNP_16 sum =0;
SNP_6_count =0;SNP_11 count = 0;SNP_16_colnt =
for ii = 1:size(rank_matrix,1)
if rank_matrix(ii,1)==6
SNP_6_sum = SNP_6_sum + rank_mat3)(ii,
SNP_6_count = SNP_6_count+1;
elseifrank_matrix(ii,1)==11
SNP_11 sum =SNP_11 sum + rank_matax(i
SNP_11 count = SNP_11_ count+1,;
elseifrank_matrix(ii,1)==16
SNP_16_sum = SNP_16_sum + rank_mat8¥(i
SNP_16_count = SNP_16_count+1;
end%if rank_matrix
end%for ii
%
average_ranks_temp =
[SNP_6_sum/SNP_6_count;SNP_11 sum/SNP_11 countBINBum/SNP_16 count];
average_ranks_fname = sprittf{P_average_rank_ge%d.tparam_1);
dimwrite(average_ranks_fname, average_rankp)tem
rank_all_rr_vals = cat(2,rank_all_rr_vals,aggraranks_temp);
%0%0%%%% %% %% % %% %% %% %% %%% %% %% % % % %% %% %% % % % % %% %% %% %% %% % %
%0%0%%%%%% %% %%% %% %% %% %%0% %% %% % %% %% %% %%

% % sort 100 rep matrix of RR by pval (col#3)

% sorted_by pval = sortrows(rank_matrix,3);

% sorted_by pval_fname = sprintf(HAP_sortedal pRR%d.txt',param_1);
%  dimwrite(sorted_by pval_fname,sorted_by paelimiter',\t");

%pull out causal SNPs and average their pval (8pb#
%'sorted_by_pval' matrix
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SNP_6_sum =0;SNP_11 sum =0;SNP_16_sum = 0;
SNP_6_count = 0;SNP_11 count = 0;SNP_16_colnt =
for ii = 1:size(rank_matrix,1)
if rank_matrix(ii,1)==6
SNP_6_sum = SNP_6_sum + rank_matr)(ii,
SNP_6_count = SNP_6_count+1;
elseifrank_matrix(ii,1)==11
SNP_11 sum =SNP_11 sum + rank_matéx(i
SNP_11 count=SNP_11 count+1;
elseifrank_matrix(ii,1)==16
SNP_16_sum = SNP_16_sum + rank_matex(i
SNP_16_count = SNP_16_count+1,;
end%rank_matrix
end% for ii
% pvals for this RR set of 100 reps
stdev_SNPa = std(rank_matrix(1:100,3));
stdev_SNPb = std(rank_matrix(101:200,3));
stdev_SNPc = std(rank_matrix(201:300,3));
average_pval_temp =
[SNP_6_sum/SNP_6_count;SNP_11 sum/SNP_11 count;BNBum/SNP_16_count];
average_pval_fname = sprittfAP_pval _ge%d.txjparam_1);
stdev_pval_temp = [stdev_SNPa; stdev_SNPbys&Pc];
stdev_pval_fname = sprintfiAP_pval stdev_ge%d.typaram_1);
dimwrite(average_pval_fname, average_pval_temp)
dimwrite(stdev_pval_fname, stdev_pval_temp);
% ci_SNP_A = bootci(500,bootfun,rank_matrix{d013));
% ci_SNP_B = bootci(500,bootfun,rank_matrix(Z@D,3));
% ci_SNP_C = bootci(500,bootfun,rank_matrix(30D,3));

% concat data with all RR samples
pval_all_rr_vals = cat(2,pval_all_rr_vals,avgrapval_temp);
stdev_pval_all_rr_vals = cat(2,stdev_pval_allvals,stdev_pval_temp);
rank_matrix = [J;
end% for param_1
final_rank_fname = sprintf{nal_HAP_rank_ge.tx};
%eval(final_rank_fname);
dimwrite(final_rank fname,rank_all_rr_vals);
final_pval_fname = sprintfi{nal_HAP_pval_ge.tx};
%eval(final_pval_fname);
dimwrite(final_pval_fname,pval_all_rr_vals);
final_stdev_pval_fname = sprinfffal_HAP_pval_stdev_ge.t}}'
%eval(final_pval_fname);
dimwrite(final_stdev_pval_fname,stdev_pval_all_lsy;
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