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Chapter 1

INTRODUCTION

A common situation arises in the analysis of quantitative data when measured

variables cannot be precisely ascertained. The “true” values of the variables may be

unattainable or cost prohibitive to acquire. In such cases, the observed variable or

surrogate that is used in place of the unobserved variable is said to be measured with

error.

1.1 Examples of measurement error in medical research

In cardiovascular research, intimal-media thickness (IMT) measurements of the com-

mon carotid artery wall are obtained using ultrasound scans. These data are subject

to measurement error due to sonographers and readers of the sonographic images.

Left-ventricular mass (LV mass) measurements are obtained by magnetic resonance

imaging (MRI). Coronary artery calcium scores (CAC) measure the amount of cal-

cium in the coronary arteries and are obtained using computed tomography (CT)

imaging. All of these imaging modalities are commonly used variables, and are sub-

ject to measurement error.

Cardiovascular disease risk factors are also affected by measurement error, includ-

ing blood pressures, serum cholesterol, and glucose levels. Blood pressure readings

are subject to temporal, instrumental, and technician variation. Serum measures

are subject to laboratory and assay variation. Other examples where measurement

error arises include dietary consumption data (e.g., food frequency questionnaires,

interviews in nutrition studies), absorbed herbicide volumes (in agricultural studies),

and NO2 exposure or forced expiratory volume (FEV) measurements in studies of
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pulmonary function.

Advancements in technology coupled with new computational methods have al-

lowed disease research to expand into an era involving analysis of genetic data, mea-

surements of many millions of variants. Such research often aims to identify genetic

information underlying disease and risk factors for disease. Nonetheless, it is not

surprising that acquisition of these millions of pieces of genetic information is also

subject to measurement error. This thesis will focus on measurement error correction

techniques geared towards genetic data. The following section gives an overview of

this type of data.

1.1.1 Genetics and GWAS

It is estimated that unrelated humans have roughly 99% of their DNA in common

from one person to the next, and that the differences in the remaining 1% of DNA play

a role in determining the unique characteristics of an individual including differential

health and disease susceptibility. These genetic variants span a range of complexity

from single positional substitutions to insertions, deletions, repetitions, and inversions

which may involve larger sections of DNA.

In a typical genome-wide association study (GWAS), researchers try to pinpoint

specific Single Nucleotide Polymorphisms (SNPs, a variation of a nucleotide at any

position in a DNA sequence) associated with a particular trait, or phenotype of in-

terest. For each trait, this results in performing one statistical test of association for

each SNP studied − in other words, often a million tests. As a result, investigators

seek out collaborations with other studies that have similar phenotypes in order to

increase power and minimize detection of false signals. However, the set of genotyped

SNPs is usually not identical across the studies. To allow the studies to be combined,

imputation is necessary in order to estimate genotypes for SNPs missing in one study

but not another. Imputation is performed for each study to generate a common and

more expansive set of millions of SNPs. The imputation process is described in greater
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detail in Chapter 3, outlining how this process generates data that may be considered

as the true genotype measured with error.

1.2 “The double whammy” - bias and loss of power

If scientific interest in a study is to investigate an association of an outcome with the

true unobserved predictor variable (as in a GWAS), it is likely the estimated asso-

ciation will be biased, possibly severely, because of measurement error. In addition,

standard methods of statistical analyses (for example, ordinary least squares regres-

sion) can yield reduced power to detect associations and may produce misleading

graphical presentations (Carroll et al., 2006, pp. 1-2, 18-20).

1.2.1 Bias

In regression analysis, measurement error bias may occur when one estimates the as-

sociations between an outcome and observed mismeasured predictor variables. Mea-

surement error bias generally does not occur if one solely has imprecisely measured

outcome variables. When measurement error is present in predictor variables, it is

frequently assumed that there is a “bias toward the null” and the measurement error

is consequently ignored. Unfortunately, this bias to the null is not always true. The

direction and magnitude of the bias are influenced by the relationship between the

observed variable and the unobserved variable as well as the relationship between the

observed variable and the other predictor variables in the regression model.

To illustrate the bias in the simplest case, consider a simulation using simple

linear regression (Figure 1.1). In this example, we simulate 30 true (unobserved)

values of the predictor of interest, x, as independent observations from a standard

normal distribution. Our regression model is y = 0 + 1 · x + ε, where x ∼ N(0, 1) and

model error ε ∼ N(0, 0.1). Next, we simulated 30 independent measurement errors, u,

from a standard normal distribution to compute the observed imprecisely measured

predictors, w = x + u.
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The expected coefficient estimate of the predictor, x, is 1.0, for the regression of

y on x. For the 30 simulated (x, y) pairs, we obtain an estimate of 1.02 (SE=0.05).

Modeling y on the observed predictor, w, we obtain a coefficient estimate of 0.53

(SE=0.07). The horizontal grey lines in Figure 1.1 show the observed (open circles)

and unobserved (filled circles) values, illustrating the horizontal spreading in the

observed regression line and attenuation of the coefficient estimate of the observed

predictor. The figure and estimated standard errors for the two models reveal that

the observed data yield more variable estimates.

Figure 1.1: Attenuation due to classical measurement error in a simulated linear

regression setting
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1.2.2 Loss of power

We illustrate the loss of power using again a simple linear regression model, y =

β0 + β1x + ε, where x ∼ N(µx, σ
2
x), ε ∼ N(0, σ2

ε ) and u ∼ N(0, σ2
u). We assume that

the measurement error u is independent of x and ε and the error variances are known.

To test the hypothesis of no association, H : β1 = 0 versus the alternative hypothesis,

H : β1 > 0 for a 1 percent α-level test, power equal to 90 percent, a true slope β1 = 1

and error variances σ2
x = σ2

u = σ2
ε = 1, the formula for the required sample size is

n = (Q1−0.01
N(0,1) + Q0.90

N(0,1))
2 × σ2

ε/(β
2
1 × σ2

x),

where P (Z ≤ Q1−α
N(0,1)) = α and Z ∼ N(0, 1).

The sample size required is then n = (3.608)2 × 1/(12 × 1) ≈ 13. When there is

measurement error and reliability λ, the formula becomes

n = (Q1−0.01
N(0,1) + Q0.90

N(0,1))
2 × (σ2

ε + λβ1σ
2
u)/(λ

2β2
1 × (σ2

x + σ2
u))

and the sample size requirement for the same power and alpha-level inflates to n =

(3.608)2 × (1 + 0.5 · 1 · 1)/(0.52 · 12 × (1 + 1)) ≈ 39. The sample size triples. Figure

1.2 illustrates that when measurement error is present, it is necessary to acquire

more sample information to achieve a prescribed level of power in the absence of

measurement error.

1.3 Auxiliary data

To remedy the problem of bias, we require auxiliary data that typically comes in

the form of validation or replicate data. These data can be used to estimate the

variance of the measurement error. Replicate data experiments can, for example,

capture measurement error variation in ultrasound, MRI, and CT measurements.

Multiple readings can be taken over a single scan with different readers (addressing

the error due to reader), multiple scans and single readers (addressing the error due
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Figure 1.2: Sample size required to maintain 90% power for a given reliability and

1% α-level test, with slope and error variances of 1

to technology), or multiple scans and multiple readers (to address multiple sources

of measurement error simultaneously). If replicate data are not available but prior

knowledge of the reliability or estimates of measurement error are available, then

other bias correction techniques may be applied. These methods are described in

Chapter 2.

There are times when the measurements of interest can be obtained without error.

These data are known as validation data. When these data are available on a subset

of the sample, they can be used to correct for measurement error bias. However,

there are times when obtaining validation data may not be feasible due to cost, or

they may not be available. For example, if one is interested in obtaining measures of

carotid IMT, the true measure can only be obtained by incision into the carotid artery.
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Obtaining these “true” values could only be done ethically on autopsy. In contrast,

in the genetics setting, one may view a genotyped SNP (following data cleaning) as a

“true” value, but an imputed SNP as a value subject to error. This type of validation

data is commonly available on a subset of study participants. The bias correction

methods customized for this type of genetic validation data are presented in Chapter

3 and assessed in Chapter 4.

1.4 Extensions of standard correction techniques

We will also investigate extensions of traditional measurement error correction tech-

niques to predictors with nonlinear error, such as that which occurs when considering

a gene by gene interaction or gene by environment interaction. These extensions

would also be suitable for nonlinear functional forms of a mismeasured predictor(s),

such as, log-transformed C-reactive protein or ankle-brachial index (ABI), a ratio of

two blood pressures. Applying standard measurement correction methods directly to

these nonlinear functions of mismeasured predictors would violate underlying error

model assumptions. A brief presentation is included in Chapter 3.

1.5 Looking ahead

In Chapter 2, we will review some of the popular correction methods from measure-

ment error literature. In Chapter 3, we will present how these existing methods and

extensions can be performed with error-prone imputed genotypes. In Chapter 4, we

will apply these methods to genetic data from the Multi-Ethnic Study of Atheroscle-

rosis (MESA) and assess their performance. Finally, in Chapter 5, we will present

concluding remarks regarding this investigation.
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Chapter 2

MODELS AND METHODS TO ADDRESS

MEASUREMENT ERROR

In this chapter, we will present algebraic derivations of analytic results from mea-

surement error literature. We start with presentation of the classical error model to

address single and multiple mismeasured predictors in simple linear regression and

multiple regression.

2.1 Measurement Error Models

Beginning with the classical error model, in this case true values are measured with

additive error and usually a constant variance. Continuing with the notation intro-

duced in Chapter 1, the observed value (Wij) is the sum of the true value (Xi) and

measurement error (Uij), that is

Wij = Xi + Uij , where

Xi ∼ (µx, σ
2
x),

Uij ∼ (0, σ2
u) with E(Uij | Xi) = 0, and

Xi ⊥⊥ Uij , with i = 1, . . . , n and j = 1, . . . , k.

Classical measurement error also has the property that the observed values vary

more than the true values. Blood pressures, serum cholesterol, and carotid IMT, for

example, tend to fall in this category.

Although, the classical model does not require that the Xi and Uij follow normal

distributions, this is a common assumption and we will follow this in our initial

presentation of methods.
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2.2 Simple Linear Regression

Suppose we are interested in investigating the linear association between Y and X by

performing standard ordinary least squares (OLS) regression of the form

Yi = β0 + βXXi + εi.

However, if W is observed and treated as X, as we saw in Chapter 1, the analyses

would lead to biased estimates.

2.2.1 Method of Moments

In this approach β̂W from OLS would not yield a consistent estimate of βX , but instead

a consistent estimate of λβX, where λ = σ2
x

σ2
w

is the attenuation factor, or reliability

ratio. It is known that β̂XOLS
is a consistent estimator of σy,x

σ2
x

. Therefore β̂WOLS
is a

consistent estimator of σy,w

σ2
w

, and it follows that:

β̂WOLS
=

ˆσy,w

σ̂2
w

and
σy,w

σ2
w

=
cov(Y, W )

var(W )

=
cov(Y, X + U)

var(X + U)

=
cov(Y, X)

var(X + U)

=
σy,x

σ2
w

=
σ2

x

σ2
w

·
σy,x

σ2
x

which estimates
σ2

x

σ2
w

βX

= λβX.

This result motivates a method-of-moments type of bias correction in the case

where an estimate of the measurement error variance is available, e.g.,

β̂XMOM
=

β̂WOLS

λ̂
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= β̂WOLS
·

̂σ2
x + σ2

u

σ̂2
x

= β̂WOLS
·

σ̂2
w

σ̂2
w − σ̂2

u

.

2.2.2 Regression Calibration

In using the method-of-moments correction, if the intercept β0 is also of interest, bias

correction would also be necessary on β̂0OLS
. So let’s consider another perspective,

E(Y | W ) = E(E(Y | X, W ) | W )

= E(E(Y | X) | W )

= E(E((β0 + βXX + ε) | X) | W )

= E((β0 + βXX) | W )

= β0 + βXE(X | W ). (2.1)

This result suggests that regressing on an estimate of E(X | W ) rather than W would

lead to an unbiased estimate of βX. We designate the corrected values of the predictor

as the conditional mean of X given W .

If we assume X and U are normally distributed, we could derive the conditional

mean from the multivariate normal distribution. However, the conditional mean holds

more generally. It is the best linear predictor of Y that minimizes the mean square

error (Carroll et al., 2006, pp. 361-363). Thus, we choose

E(X | W ) = µx +
σ2

x

σ2
x + σ2

u

(w − µw)

In order to estimate the conditional mean E(X | W ), the measurement error

variance, σ2
u, must be estimated. Auxiliary data are required to estimate this variance

component. For example, one may be able to obtain σ̂2
u from literature on a particular

predictor of interest, in which case corrected estimates can be obtained from the above
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result. In the case of k replicates,

X̂i = Ê(Xi | W̄i = w̄i)

= µ̂x +
σ̂2

x

σ̂2
x + σ̂2

u/k
(w̄i − µ̂w) (2.2)

= (1 − λk)µ̂x + λkw̄i

This estimate of X can be thought of as a weighted average of the data observed

with error, w (or w̄ in the case of replicates), and the mean of all observed values, µ̂x.

The weighted average tends towards values w when reliability λ is large and tends

towards a constant vector of µ̂x when λ is small. In this situation, notice that greater

measurement error (σ̂2
u) leads to greater attenuation by way of smaller λ.

This idea of regressing Y on the corrected values X̂ , is the motivation behind

regression calibration methods. Finally, we will need to apply a correction to the

standard error estimates of β̂X by way of either bootstrap or large sample (sandwich)

estimation methods.

We note that although it was shown in Chapter 1 that a decrease in power is

observed for an uncorrected analysis, the Type I error rate is preserved. In this

simple linear regression case this is because we have H0 : βX = 0 ⇔ H0 : λβX = 0.

2.3 Multiple Linear Regression

2.3.1 Single mismeasured predictor

Now consider the case where we want to adjust for an additional covariate. We add to

the previous model, covariate Z, which is measured precisely and where Zi ∼ (µz , σ
2
z).

In this case, the model becomes

Yi = β0 + βXXi + βZZi + εi.

Further, if X is correlated with Z, attenuation of the coefficient of W is more extreme

and bias in the coefficient of Z is also observed. In this situation, the coefficient of
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W estimates λ∗βX, where

λ∗ =
σ2

x|z

σ2
w|z

=
σ2

x|z

σ2
x|z + σ2

u

.

The value of λ∗ attains the value of λ if X and Z are uncorrelated, otherwise λ∗ < λ

because σ2
x|z < σ2

x (Carroll et al., 2006, p. 52).

2.3.2 Multiple mismeasured predictors

Now consider the case where we may have more than one mismeasured predictor and

more than one precisely measured covariate. In this case, the model becomes

Y = β0 + βt
XX + βt

ZZ + ε.

We define the following covariance matrices

Σww = Cov(W )

Σuu = Cov(U)

Σzz = Cov(Z)

Σwz = Σt
zw = Cov(W, Z).

The ordinary least squares regression coefficient estimates can be represented as



β̂WOLS

β̂ZOLS


 =




Σww Σwz

Σzw Σzz




−1 


Σww − Σuu Σwz

Σzw Σzz







βX

βZ


 .

This bias evident in the OLS estimators could be corrected as



β̂X

β̂Z


 =




Σww − Σuu Σwz

Σzw Σzz




−1 


Σww Σwz

Σzw Σzz







β̂WOLS

β̂ZOLS


 .

Further, to apply regression calibration, Carroll and Stefanski (1990) derived the

following results

Ê(Xi | Zi,W̄i·) = µ̂w + (Σ̂xx, Σ̂xz)




Σ̂xx − Σ̂uu/k Σ̂xz

Σ̂zx Σ̂zz




−1 


W̄i· − µ̂w

Zi − Z̄·


 . (2.3)
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Note that again, if there are no replicates available, or k = 1, we would need to substi-

tute an external estimate for Σuu to proceed. When k has a value of 1 or 2, regression

calibration produces identical estimates to the method-of-moments estimates (Carroll

et al., 2006, pp. 71-72). This result also holds when there is a nonconstant number

of replicates, denoted by substituting ki for k.

2.4 Alternate Error Structures

Other biomedical predictors of interest may be subject to a Berkson additive error

model. In the Berkson error model, true values (Xi) are composed of the observed

values (Wi) and an error term (Ui) added to it, Xi = Wi + Ui.

One distinction between classical and Berkson errors is in the variability of the

observed values relative to the variability of the true values. In contrast to classical

error models, in Berkson error models, the observed values have less variation than

the true values (Carroll et al., 2006, pp. 5, 27-28). Examples such as dosiometry

calculations for radiation exposure are generally assumed to fall under this structure.

Further, measurement error models can be even more complicated than either

of these simple models. For instance, in some cases the observed measures are not

unbiased measures of the true values. In these situations, the classical model does not

hold, but Kipnis et al. (1999, 2001, 2003) have described a class of models to allow

for such bias.
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Chapter 3

REGRESSION CALIBRATION EXTENSIONS FOR

GENOTYPE IMPUTATION DATA

In this chapter, our primary focus is customization of regression calibration for

genetic validation data. This still relies on estimating the quantity X̂ = Ê(X | W ).

For this problem we have validation auxiliary data and can consider a more general

error model. We begin this chapter with an introduction to genotype imputation,

follow with a detailed presentation of the technique for single SNP models, and end

with an extension for gene by gene interaction models.

3.1 Genotype imputation

The process of imputation and estimating genotypes introduces a component of er-

ror. Imputation makes use of underlying reference panels, most commonly the In-

ternational HapMap (Thorisson et al., 2005; Frazer et al., 2007) and 1,000 Genomes

Projects (Nielsen, 2010; Altshuler et al., 2010). These are international research

collaborations that have resulted in creation of public databases of human genetic

variation among worldwide populations.

There are a variety of genotype imputation programs available. Some of the more

popular programs include IMPUTE, MACH, and BEAGLE, each with a varying

underlying algorithm (Marchini et al., 2007; Howie et al., 2009; Li et al., 2009, 2010;

Browning and Browning, 2007, 2009; Hao et al., 2009; Huang et al., 2012). For

example, IMPUTE version 2 first requires phasing of the study genotypes, the process

of separating the alleles according to parental sequences. Each parental sequence is

considered a haplotype. The phasing is achieved by using an extended hidden Markov
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model (HMM) for each individual’s genotypes and assigning probability weights to

haplotypes in cases of phase uncertainty through iterated steps of Markov chain Monte

Carlo (MCMC). The algorithm alternates between phasing and haploid imputation

conditional on the estimated haplotypes. The unique algorithm uses local similarities

to obtain a customized reference panel from which to impute each haplotype of each

study individual (Howie et al., 2009; Marchini and Howie, 2008, 2010).

A genotype for a particular SNP can be represented in various ways. Typical

datasets from genotyping centers provide genotypes formatted in terms of DNA bases,

for example, “CC”, “CT”, or “TT”, for a specific SNP and individual. However, in

conducting statistical analyses, it may be more convenient to recode this to a dosage

format in terms of a specified or coded allele. For a genotyped SNP, the dosage would

take on a value of 0, 1, or 2. If “C” is our coded allele, the three above genotypes

would have dosages of 2, 1, and 0, respectively. Imputation software such as IMPUTE

produces posterior probabilities of 3 possible genotypes, say AA, AB, and BB, where

A and B are “dummy” alleles. In this case, the dosage corresponding to an additive

model is computed as 0·pAA+1·pAB+2·pBB

pAA+pAB+pBB
and interpreted as the estimated number of

copies of the coded “dummy” allele B. Notice the imputed value is no longer confined

to discrete values, though is still bounded by 0 and 2.

To get a sense of the degree of extrapolation that comes with imputation, the

most recent consortium recommendations are for participating groups to impute to

40 million variants. Of these 40 million variants, typically no more than one million are

genotyped. The initial focus is on p-values from each test of association to determine a

small number of “top hits” and report effect sizes among those few SNPs. Particularly,

to account for possible detection of false signals among these millions of tests, SNPs

with p-value < 5 · 10−8 are considered as genome-wide significant, while SNPs with

p-value < 5 · 10−5 often warrant further investigations. This raises the question of

whether the error associated with SNP imputation warrants use of a measurement

error correction in these types of analyses, as we know potential biases and losses in
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power may present. Further, following the initial models with single SNPs, subsequent

interest may be in models with multiple SNPs, such as, a gene by gene interaction or

gene by environment interaction. In either case, the gene and environment variables

may be subject to measurement error.

Little research has been done to study imputation error. One group compares

approaches for accounting for uncertainty introduced by imputation, but doesn’t

consider modeling the error structure. The authors compare OLS regression on the

“best-guess” imputed genotype (discrete values), regression on the “dosage” (semicon-

tinuous), and “mixture regression models” that account for the individual posterior

probabilities from imputation (Zheng et al., 2011). The authors find that all models

yield similar power for non-modest minor allele frequencies (MAF) when there is a

true additive effect. Further, power is found to be dependent on imputation accuracy.

When there is a true dominant effect, dependency of power on allele frequency is even

more pronounced. However, when considering practicality and accuracy, the authors

find method 2, using the dosage is suitable in “most realistic settings”.

3.2 Implementing regression calibration for single SNP models

Here, we take a different approach to account for the uncertainty introduced by im-

putation. Specifically, we propose that genotype imputation introduces a component

of error and hypothesize that such error can lead to biased regression coefficients and

loss of power in tests. As a result, we consider applying regression calibration to

imputed SNPs.

For this proposed measurement error correction, it is necessary to have the SNP

of interest genotyped on a subset of participants (i.e., validation data). As shown

in Chapter 2, the correction is motivated by the replacement of X by an estimate of

E(X | W ), or in the case of covariates, E(X | W, Z). After estimating the conditional

mean, one can proceed with a standard analysis.
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3.2.1 Notation and model of interest

First, we review the underlying model and test of interest. We let X be the dosage of

a given genotyped SNP which is assumed as perfectly measured after data cleaning.

To test for an association between the SNP and phenotype, we use a model (below)

that adjusts for covariates Zk, age, gender, field center of recruitment, and includes

only those from a common racial or ethnic group (e.g. Caucasians). The model is

Yi = β0 + β1Xi + ΣkβkZki + εi, (3.1)

for i = 1, . . . , n and k = 2, . . . , K,

where, the ith person has phenotype yi, genotype xi, age z2i, gender z3i, and field

center category indicators z4i, z5i, . . . , zKi. The β0, β1, and the βk are unknown

parameters. Primary interest is in testing H0 : β1 = 0, which corresponds to no

association between SNP and phenotype, accounting for differences in age, gender,

and field center. The parameter β1 represents the difference in mean levels of the

phenotype when comparing groups of individuals with one copy versus two copies (or

zero versus one copy) of the coded allele for a particular SNP, given individuals are

the same age and gender, and have the same field center of recruitment.

However, in practice, the majority of SNPs in a GWAS are not genotyped. Most

SNPs are imputed but analyzed as though they were precisely measured. Here, W is

the dosage of an imputed SNP which is observed with imputation error.

Yi = β∗
0 + β∗

1Wi + Σkβ
∗
kZki + ε∗i ,

for i = 1, . . . , n and k = 2, . . . , K.

After fitting the OLS regression corresponding to the naive model, the primary test of

interest instead tests H0 : β∗
1 = 0. Due to the error present in the imputed genotypes
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Wi, the naive model parameters may also differ, and hence are designated as β∗
0 , β∗

1 ,

and the β∗
k. We observed in Chapter 2 that although this test is still an α level test,

since H0 : β∗
1 = 0 ⇔ H0 : λ∗β1 = 0 ⇔ H0 : β1 = 0, a decrease in power and bias in

the SNP coefficient estimate are still expected. As a result, we propose the following

regression calibration correction.

3.2.2 The underlying error model

For many imputed SNPs, auxiliary data is available which may take the form of

replication data or validation data. Many studies continually repeat the imputation

process on new reference panels. Currently, there is disagreement whether additional

iterations yield “better” imputation, and instead the iterations are considered as

yielding alternative datasets, e.g., replication data. In other situations, genotyping

may have occurred on multiple genotyping chips or arrays and on only a subset of

individuals. This is common for Candidate Gene studies which preceeded the GWAS

era. Candidate Gene studies are a potential source of validation data on a subset of

individuals. We focus our proposed correction on validation data.

In the validation setting, X is observed only on a subset S of individuals and is

unobserved on the rest. Recall from section 2.2.2 that regression calibration is driven

by a step where X is replaced by an estimate of E(X | W ), or in the case of covariates

E(X | W, Z). We designate the corrected values of the predictor as X̂ = Ê(X | W, Z).

Since X and W are correlated and W is known, X can be predicted from W , with

best linear predictor of the form

Xi = γ0 + γ1Wi + ΣkγkZki + Ui. (3.2)

This is the typical form of a regression calibration model as it focuses on X given

(W, Z).
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3.2.3 Regression calibration of imputed SNPs

With respect to the regression calibration model in equation 3.2, in the subset S, we

regress X on the error-prone predictor W and other covariates Z to obtain estimates

γ̂0, γ̂1, and the γ̂k. The coefficient estimates can then be used to obtain predicted

values based on the imputed values and covariates. These predicted values can be

considered as the calibrated imputed values, x̂, for individuals without genotyping

on the SNP of interest. For the subset of individuals with available genotyping, the

values x can be retained. (Carroll et al., 1990, 2006, pp. 65-66, 70; Thurston et al.,

2003.)

x̂i =





xi, if i ∈ S

γ̂0 + γ̂1wi + Σkγ̂kzki, if i 6∈ S

Finally, we fit the original model of interest with X̂ in place of X and perform the

desired test.

Yi = β∗∗
0 + β∗∗

1 X̂i + Σkβ
∗∗
k Zki + ε∗∗i

As with replication-based correction, validation-based regression calibration requires

accounting for the additional estimation of unknown genotypes by correcting standard

errors of estimated coefficients via bootstrap or sandwich estimators (Huber, 1967;

White, 1982). Section C.1 of Appendix 3 includes annotated R code which implements

each of the steps of validation-based regression calibration. The output displays

results from uncorrected and corrected approaches as well as the gold standard.

3.3 Implementing regression calibration for SNP interaction models

Now suppose we want to apply regression calibration to a model with a gene by gene

interaction. The first SNP will be denoted with subscript a, and the second SNP
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denoted with subscript b. As before, X represents the genotyped values, measured

precisely, while W denotes the imputed values measured with error.

The method presented here is in parallel with that presented for the single SNP

model. Each SNP is calibrated individually, then the desired regression is performed

substituting the calibrated values (X̂a, X̂b) for (Xa, Xb).

3.3.1 Notation and model of interest

We consider the following linear model is of interest and specifically the test of H0 :

β3 = 0, whether the coefficient of the interaction term is different from zero.

Yi = β0 + β1Xai + β2Xbi + β3XaiXbi + ΣkβkZki + εi (3.3)

for i = 1, . . . , n and k = 2, . . . , K.

As before, by assuming the imputed values are precisely measured and carrying

out the standard analysis, this naive model is instead considered:

Yi = β∗
0 + β∗

1Wai + β∗
2Wbi + β∗

3WaiWbi + Σkβ
∗
kZki + ε∗i (3.4)

for i = 1, . . . , n and k = 2, . . . , K.

3.3.2 The underlying error model

In order to estimate X̂a and X̂b, we consider the regression calibration models

Xai = γ
′

0 + γ
′

1Wai + γ
′

2Wbi + γ
′

3WaiWbi + Σkγ
′

kZki + U
′

i , (3.5)

Xbi = γ
′′

0 + γ
′′

1 Wai + γ
′′

2 Wbi + γ
′′

3 WaiWbi + Σkγ
′′

kZki + U
′′

i , (3.6)

where E(U
′

| W, Z) = 0 and E(U
′′

| W, Z) = 0.
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3.3.3 Regression calibration with SNP interaction

Similar to the single SNP case, we regress each of Xa and Xb on all covariates (W,Z)

among the subset of individuals with genotyping. After fitting the regression calibra-

tion model, we can calibrate the imprecisely measured values as follows:

x̂ai =





x1i, if i ∈ S

γ̂0
′

+ γ̂1
′

wai + γ̂2
′

wbi + γ̂3
′

waiwbi + Σkγ̂k

′

zki, if i 6∈ S
(3.7)

x̂bi =





x2i, if i ∈ S

γ̂0
′′

+ γ̂1
′′

wai + γ̂2
′′

wbi + γ̂3
′′

waiwbi + Σkγ̂k

′′

zki, if i 6∈ S
(3.8)

The corrected values that result are the predicted values, except where genotypes are

available (in subset S). For those cases, genotypes are used in place of the fitted

values.

Finally, we can fit the OLS regression using the calibrated values.

Yi = β∗∗
0 + β∗∗

1 X̂ai + β∗∗
2 X̂bi + β∗∗

3 X̂aiX̂bi + Σkβ
∗∗
k Zki + ε∗∗i

As with the single SNP models, we will then need to account for the additional esti-

mation of unknown genotypes by correcting standard errors of estimated coefficients

via bootstrap or sandwich estimators. Annotated R code is included in Section C.2

of Appendix 3 which details our comparison of validation-based regression calibration

with an interaction of two imputed SNPs (using sandwich standard error estimates).
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Chapter 4

APPLICATION TO THE MULTI-ETHNIC STUDY OF

ATHEROSCLEROSIS

In this application, we aim to assess whether measurement error correction through

extensions of regression calibration can improve on the standard methods using an

uncorrected genotype dosage, to best account for imputation uncertainty when con-

sidering additive genetic models. We consider data from the Multi-Ethnic Study

of Atherosclerosis (MESA) SNP Health Association Resource (SHARe) (Bild et al.,

2002; CHSCC 2012) which aims to identify genetic variants underlying subclinical

cardiovascular disease and progression, as well as risk factors that predict disease

progression. Subclinical disease is characterized by non-invasive detection of disease

before clinical signs are apparent.

As part of the SHARe effort (NHLBI 2010, 2011), 934,148 SNPs on 8298 partici-

pants were genotyped on the Affymetrix 6.0 chip. After standard genotyping quality

control filtering, data remained for 854,755 SNPs on 8227 participants. Imputation

has been completed as two rounds for SHARe, the first using HapMap 1+2 (3.9 mil-

lion SNPs) and the second using the 1000 Genomes pilot dataset (12-17 million SNPs)

(Howie et al., 2011), each considered as an alternative dataset for the other. The num-

ber of SNPs includes those genotyped in SHARe and is before post-imputation QC

and SNP filtering. A third round of imputation is underway using the 1000 Genomes

integrated dataset, which will produce datasets with 39,295,245 variants. As part

of the CARe effort, 48,982 SNPs were genotyped on the IBC chip on 6482 MESA

participants. A more complete summary of MESA imputation and genotyping efforts

is given in Table 4.1.
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Using this available genetic data for MESA participants, we are able to apply our

proposed measurement error corrections. SHARe individuals contribute imperfectly

measured imputed SNPs while CARe individuals contribute precisely measured geno-

typed SNPs, yielding validation data. In fact, separate corrections can be applied to

each round of imputation. Alternatively, a combined correction can be applied to

the two rounds if paired and thought of as replicates, and irrespective of the CARe

genotypes. However, replication-based correction requires additional exploration of

underlying assumptions and will be the focus of future work. This chapter will assess

the use of validation-based measurement error correction in this GWAS setting.

For this example, we consider serum triglycerides as the phenotype of interest.

Levels of triglycerides, or blood fats, have a role in evaluation and management of

CVD risk (Miller et al., 2011). This particular phenotype is relatively well-studied,

with several implicated SNP associations from literature (Aulchenko et al., 2009;

Chasman et al., 2008; Kathiresan et al., 2008, 2009; Kooner et al., 2008; Lamina et

al., 2011; Sabatti et al., 2009; Saxena et al., 2007; Tan et al., 2012). We focus our

attention on 24 genotyped SNPs in MESA CARe, of which 23 are imputed in MESA

SHARe.

Following the investigation of single SNP associations, we consider gene by gene

interactions which may account for unattributed genetic determinants of lipid levels.

Despite the success in identifying SNPs associated with CAD and risk factors such as

triglycerides, much of the genetic component of CAD remains unattributed (Lanktree

and Hegele, 2009). Accounting for gene by gene (g × g) interactions may contribute

to the missing heritability in complex disease (Cordell, 2009). A few studies have

reported plausible interaction effects (Tam et al., 2009; Tan et al., 2012). Here we

focus on one study (the Bogalusa Heart Study) which has reported an interaction

effect of two SNPs (genotyped and imputed in MESA) on serum triglyceride levels in

young adults (Xin et al., 2003).

In both single SNP and g × g interaction models, we also exclude individuals
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taking lipid-lowering medications. In the genetic setting, we usually model each

race/ethnic group separately. This leaves us with 2026 Caucasians on which we fo-

cus our analyses. A small number of participants were removed such that the 2026

participants have complete data for the 23 SNPS, both CARe genotypes and SHARe

imputed values. Restricting to this group allows us to better assess how well the pro-

posed methods perform compared to analysis of the true data. We consider blinding

experiments where we vary the size of the subset (or equivalently, the percentage)

with validation data. That is, for this subset the true genotypes are known for all

2026 participants (for the 23 SNPs of interest), but for the sake of experimentation we

pretend it is known for only p% of the 2026 participants. We obtain the calibration

equation (as written in equation 3.2) based on the subset with validation data and

apply the equation to the imputed values.

If the corrections prove to be promising, they could be useful in current work in

MESA as well as other groups. While CARe IBC provides a source of validation data

for 93% of the Caucasians and 99% of the Chinese, it covers roughly only two-thirds

in the African-American and Hispanic groups as seen in Table 4.1. Additionally, Can-

didate Gene Rounds 1+2 and the current Metabochip data present another opportu-

nity to apply the proposed methods with even further reduced validation coverage on

largely unique sets of genotyped SNPs. This is especially appealing because the Can-

didate Gene data was slightly overshadowed by the availability of SHARe data due

to the timing of advances in genotyping technology. As a result, investigators made

minimal use of the Candidate Gene data on roughly 700 participants and a small num-

ber of SNPs (3,070) with the expanse of MESA SHARe data just around the corner.

Hence, the proposed methods would allow the 700 participants with genotyping in

candidate regions to inform the association analysis between imputed genotypes and

phenotype. The proposed correction would potentially yield more power to detect

subtle associations than using either the Candidate Gene or SHARe dataset alone.
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Table 4.1: MESA imputation and genotyping summary

CAU CHN AFA HIS total number of variants

Available imputation: SHARe (includes genotyping) CAU non-CAU

HM1+2 gen1 2685 777 2588 2174 8224 3, 891, 070

1000G gen2 2685 777 2588 2174 8224 12, 143, 325 17, 406, 968

1000G gen3 2685 777 2588 2174 8224 39, 295, 245 39, 295, 245

CAU CHN AFA HIS total number of variants

Currently available genotyping

SHARe 2687 777 2658 2176 8298 934, 148

CARe IBC 2500 771 1751 1460 6482 48, 982

CG 1+2 712 718 712 705 2487 3, 070

CG 3 2487 754 1689 1448 6378 766

Metabochip 0 0 580 0 580 196, 725

CAU = Caucasian

CHN = Chinese

AFA =African-American

HIS = Hispanic
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In this setting, X represents any SNP genotyped on the CARe IBC chip and

passing QC. W represents the dosage of an imputed SNP which is observed with

imputation error. The uncorrected values correspond to W and the corrected val-

ues correspond to X̂. We will consider both examples, imputation using HapMap

1+2 (HM1+2) as well as 1000 Genomes (1000G). In this chapter, in order to assess

performance, we present results when using the gold standard (genotyped dosage),

uncorrected imputed dosage (HM1+2 and 1000G), and corrected dosage (HM1+2 and

1000G, after measurement error correction using the techniques previously described).

4.1 Nature of the SNP dosage data

Figures A.1 and A.2 (Appendix A) show scatter plots of the genotyped CARe IBC

SNP versus the imputed HapMap 1+2 SNP, both expressed as the dosage of the coded

allele. Each point represents one participant. The dashed black line is the reference

line, x = w. The solid red line results from a regression, fitting x versus w. The

quality score (ratio of observed to expected variances of the imputed dosage), oevar,

is also provided.

Most of the regression lines correspond well by eye with the reference line in Figures

A.1 and A.2. Only a few SNPs have regression lines that deviate moderately from

the reference line, despite some poor quality ratios. Specifically, three SNPs in Figure

A.1 have oevar < 0.50 and three additional SNPs in Figure A.2 have oevar < 0.55. It

is a somewhat surprising to notice the magnitude of spread of imputed values relative

to each level of genotype, e.g., homozygous minor, homozygous major, and especially

heterozygous. Such large spread is evident even for imputed SNPs with higher quality

ratios, for example, rs7694035 with oevar = 0.77 in Figure A.2.

Similarly, Figures A.3 and A.4 show scatter plots of the genotyped CARe IBC

SNP versus the imputed 1000 Genomes SNP, again, both expressed as the dosage

of the coded allele. Notice the negative slope for some of the scatter plots with

imputed genotypes using the 1000 Genomes panel. This is almost certainly the result
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of differences in SNP strand annotation. For the purposes of our analyses, we will

assume these are coding issues resulting from strand flips which are not of interest

for the purposes of assessing measurement error. As a result, we will invert the dose

of the 1000 Genomoes SNP (inverted dosage = 2 - original dosage), to correspond to

the noninverted CARe IBS dose, whenever the slope of the regression of x versus w is

negative, or equivalently when the correlation is negative. Although 1000 Genomes

strand information may be more current, it is more convenient to invert for only one

panel. Notice, in these cases, the reference lines correspond to x = 2 − w in Figures

A.3 and A.4.

Figures A.5 and A.6 show scatter plots comparing the two sources of imputation.

The correlation is noted with each SNP as well as imputation quality ratios. Again,

where the correlation is negative, the reference line and 1000G dosages are inverted

and assumed due to a difference in strand annotation. As with the previous figures,

here the dashed black line is the reference line, w2 = w1 or w2 = 2−w1, and the solid

red line is the regression line from fitting w2 versus w1, (1000G versus HapMap 1+2

imputed SNP).

4.2 Results of validation-based regression calibration in single-SNP mod-

els

We present results using the known data from the CARe genotyping (x), as well as

uncorrected estimates from both sources of imputation (w1 and w2), compared with

validation-based regression calibration (x̂1 and x̂2) for each of the 23 SNPs. Regression

output is presented where 40, 50, or 90% of the participants have known genotypes

and the remaining 60, 50, or 10% use the calibrated dosage in place of the imputed

dosage (Table B.1). In Appendix B, the subscript s denotes results based on sandwich

standard error estimates, while the subscript m denotes model-based standard error

estimates. Sandwich-based results were very similar to bootstrap-based results (not

shown). We consider a level of significance of 0.05 because each of these 23 SNPs is
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previously implicated as having an association with triglyceride level (Aulchenko et

al., 2009; Chasman et al., 2008; Kathiresan et al., 2008, 2009; Kooner et al., 2008;

Lamina et al., 2011; Sabatti et al., 2009; Saxena et al., 2007; Tan et al., 2012). If

instead this were a discovery phase, a level of 5 · 10−8 is commonly used.

A number of SNPs illustrate the potential value in the validation-based correction,

even when only 40 or 50% of the data have known values. Specifically, note rs439401

on the second page of Table B.1, in which the reduction of bias and change in standard

errors is evident after applying the proposed measurement error correction. This is

particularly true of the 1000 Genomes imputation, where having 40 or 50% known

genotypes gives a result much closer to that of the known genotypes compared to the

uncorrected imputed data (Figure 4.1).

Table 4.2. presents a summary of the results from Table B.1 (Appendix B). Tab-

ulation of the total number of SNPs with significant associations detected (out of 23)

is provided for the analyses of known genotypes as well as uncorrected and corrected

values. Multiple entries of the number of significant hits in corrected analyses are

provided to get an idea of the dependence of the results on each random subset with

known genotypes (and to a lesser extent due to the bootstrap standard errors). Row

x̂p corresponds to a blinding experiment where only p percent have known values.

The mean and median absolute bias is also assessed for the uncorrected and corrected

analyses. Absolute bias is summarized over one of these experiments but across all

23 SNPs.

In this dataset with 2026 participants, the corrected values x̂p perform very well

relative to the standard analysis of the uncorrected values (in terms of significant

hits). It appears that having 40-50% of individuals in the study genotyped yields

corrected analyses that can detect comparably as many hits as having the full cohort

genotyped. In terms of both mean and median absolute bias across the 23 SNPs,

there is a clear improvement over the uncorrected analysis when as little 30% of the

genotypes are known. Specifically, when the 2026 CARe genotypes are known, 15 of
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the 23 SNPs reach statistical significance. In comparison, when only HM1+2 imputed

(uncorrected) genotypes are used, only 6 SNPs reach statistical significance when

model-based standard errors are used and 11 when sandwich standard errors are used.

However, in the measurement error corrected approach, when 40% of participants

have known genotypes, our handful of random subsets yield 13 to 15 significant hits,

nearly as many as the gold standard (with genotypes on all participants known). Not

surprisingly, mean and median absolute bias show a decreasing trend as the number

of individuals with known genotypes increases (p increases).

It is of interest to examine the two-way and three-way relationships among abso-

lute bias, the percent p with known genotypes, and imputation quality score oevar.

Figure 4.2 shows bias versus p on the SNP-level and each of HM1+2 and 1000G impu-

tation. As expected, the range of bias decreases with p among the corrected analyses.

Note, p = 0 represents uncorrected analyses on imputed values. Figures 4.3 and 4.4

provide a better view of the distribution of bias for each value of p and separately

for the HM1+2 and 1000G imputation. We observe that the bias values cluster more

tightly around zero, as p increases. In Figure 4.5, we examine the previous relation-

ship by oevar. This is of interest because studies will often decide to filter out all

results on SNPs with oevar below a certain threshold. It appears there may be some

bias improvement in the coefficient estimates for SNPs with oevar between 0.7 and

0.8 when p=0.4 or 0.5. SNPs with oevar in this range may be filtered out and not

used in analysis due to poor imputation quality.

In summary, these preliminary results could be of interest in future study design

in terms of a potential cost reduction. Current GWAS may be improved in terms

of ability to detect signals due to application of the correction. In our dataset, the

measurement error corrected approach (with as little as 40% genotyped) yields com-

parably as many detected signals as when the full cohort is genotyped. Further, this

could lead to fuller utilization of imputed data with only moderate quality which

would ordinarily be removed from analysis.
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Figure 4.1: Comparison of true coefficient estimates with those from uncorrected and corrected analysis
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Table 4.2: Comparison of corrected, uncorrected, and gold standard analysis. Number

of significant associations (p < 0.05) and absolute bias from single SNP analyses.

Subscripts m, s, and b denote model-based, sandwich, and bootstrap standard errors,

respectively.

predictor no. of significant hits absolute bias (mg/dL)

p-value < 0.05 HM1+2 1000G

HM1+2 1000G mean median mean median

Using true values (CARe genotypes), the known “gold standard”:

xm 15 15 0 0 0 0

xs 15 15 0 0 0 0

Using imputed dosage with no correction:

wm 6 8 2.554 2.463 2.770 2.770

ws 11 11 2.554 2.463 2.770 2.770

wb 10 10 2.554 2.463 2.770 2.770

Measurement error corrected based on p% genotyped individuals:

x̂b·10 11, 10, 11, 11 11, 11, 14, 10 2.405 1.213 3.119 1.181

x̂b·20 13, 12, 13, 12 12, 12, 13, 11 2.674 1.061 1.833 1.142

x̂b·30 12, 13, 13, 11 12, 14, 14, 13 1.968 1.384 1.660 0.483

x̂b·40 15, 13, 14, 15 14, 14, 15, 15 1.883 1.174 1.866 0.470

x̂b·50 14, 13, 14, 13 15, 14, 14, 15 1.496 0.937 1.726 0.355

x̂b·60 15, 14, 15, 13 16, 16, 16, 14 1.626 1.163 1.586 0.849

x̂b·70 16, 16, 15, 17 15, 16, 16, 17 0.987 0.388 1.278 0.925

x̂b·80 12, 14, 15, 15 14, 15, 15, 16 0.758 0.412 0.689 0.341

x̂b·90 16, 15, 15, 15 16, 15, 16, 16 0.430 0.240 0.493 0.249
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4.3 Consideration of standard errors of SNP coefficient estimates

4.3.1 Impact of type of standard error on results

Skewness and heteroscedasticity are present in the triglycerides data. That is, the

triglycerides values have differing variances for different values of genotype dosage.

Consequently, the method used to compute standard errors of estimated coefficients

impacts the number of detected signals among the uncorrected analyses of w’s. If in-

stead, the natural logarithm of the triglycerides value is taken, model-based standard

errors are very comparable to both sandwich and bootstrap standard errors. As a

result, the number of detected signals is similar when using any of the three types of

standard errors with the transformed phenotype. Here, our results are presented in

terms of the untransformed values for ease of biological interpretation.

Nonetheless, it is important to note the differences when model-based standard

errors are used. Genetic analysis software without means of obtaining either sandwich

or bootstrap standard errors is quite common in GWAS. Genetic analysis software

typically implements special handling of memory which dramatically speeds up anal-

yses. However, the specialized software often does not allow for great flexibility or

incorporation of options such as sandwich standard errors. Use of non-model-based

standard errors might improve the ability to detect associations, as we have seen, but

often is not done due to the difficulty in handling and analyzing of such large files.

4.3.2 Bias versus variance

Recall from Chapter 2 that in the case of simple linear regression, the method of

moments estimator of βSNP is equivalent to that from the regression calibration ap-

proach. Hence, we have:

β̂X̂ =
β̂W

λ̂
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V (β̂X̂) =
1

λ̂2
· V (β̂W )

=
[V̂ (W )]2

[V̂ (X)]2
· V (β̂W )

With imputation data, it may or may not be the case that V (W ) > V (X), which

is expected under classical measurement error where it is assumed W = X + U and

V (W ) = V (X)+V (U). With imputed dosage, W and genotyped dosage, X, we often

observe instead that V̂ (W ) < V̂ (X), due to a typically negative ˆCov(X, U). As a

result, the standard error estimates of β̂X̂ may be smaller than that of β̂W as is often

seen in Tables 4.3, 4.4, and B.1 (in the Appendix).

This observation is in contrast to the usual bias versus variance tradeoff charac-

teristic of corrected estimators. That is, that the nature of bias correction leads to

an estimator which is more variable than the original biased estimator, the cost for

reduced bias (Carroll et al., 2006, pp. 60-63, 69). Our atypical observation is not

surprising due to the discrete nature of the genotyped values and continuous nature

of the imputed values over the same range.

4.4 Results of validation-based regression calibration in SNP-interaction

models

The first section of Table 4.3 shows the estimates corresponding to the main effect

of rs328 (ga). Line 1 is obtained using known genotypes (xa); lines 2-4 are obtained

using HapMap 1+2 imputed genotypes (w1a, x̂1a·p); and lines 5-7 are obtained using

the 1000 Genomes imputation (w2a, x̂2a·p). The second and third sections show the

estimates corresponding to the main effect of rs1800588 (gb) and the interaction term

(gab) in the same 7 models as section 1.

As in the single SNP analyses, we vary the size of the random subset, where row

x̂p reflects the results corresponding to a blinding experiment where only p percent

have known values. Results are presented in Table 4.3 for values of p = 0.5 and 0.9.
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Table 4.3: Assessing a g×g interaction of ga = rs328 and gb = rs1800588

Bootstrap SEs used for 4 corrected analyses (x̂p) and model-based SEs used for gold

standard (x) and 2 uncorrected analyses (w1, w2).

Estimate Std. Error 95% CI or TI Pr(>| t |)

xa 17.024 5.792 5.671 28.376 0.003

w1a 17.952 5.754 6.674 29.229 0.002

x̂1a·50 17.360 4.612 8.776 26.847 1.7 · 10−4

x̂1a·90 17.379 4.402 9.070 26.693 7.9 · 10−5

w2a 18.446 5.754 7.169 29.723 0.001

x̂2a·50 17.726 4.625 8.926 27.344 1.3 · 10−4

x̂2a·90 17.324 4.405 8.960 26.679 8.4 · 10−5

xb 6.156 14.792 −22.837 35.148 0.677

w1b 8.044 14.868 −21.097 37.186 0.589

x̂1b·50 6.488 10.111 −12.591 27.353 0.521

x̂1b·90 6.862 9.828 −10.718 28.275 0.485

w2b 11.231 14.748 −17.676 40.138 0.446

x̂2b·50 8.314 10.013 −11.476 29.358 0.406

x̂2b·90 6.607 9.802 −10.895 27.699 0.500

xab 1.145 8.078 −14.689 16.978 0.887

w1ab −0.138 8.158 −16.127 15.851 0.987

x̂1ab·50 0.593 6.123 −12.567 12.177 0.923

x̂1ab·90 0.794 5.924 −11.312 11.503 0.893

w2ab −1.592 8.063 −17.395 14.211 0.843

x̂2ab·50 −0.242 6.097 −13.138 11.378 0.968

x̂2ab·90 1.006 5.918 −11.160 11.656 0.865
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Although both SNPs are significant in the single SNP models, only the main

effect of rs328 is significant in the model containing both main effects and interaction

term, even when using the known genotypes from CARe. Particularly, with all three

terms in the model adjusted for basic demographics, the standard errors are very

large relative to the coefficient estimates for the main effect of rs1800588 and the

interaction term.

Although we are unable to replicate the finding of the Bogalusa Heart Study (Xin

et al., 2003), the impact of the measurement error correction can be clearly seen in

this example. For the main effect for rs328, both sets of uncorrected imputed data

do fairly well, though less bias is observed when the measurement error corrected

imputed values are used. For the main effect of rs1800588, coefficient estimates based

on the uncorrected imputed data are quite biased away from the null, especially for

the 1000G imputation (effect size of 6.2 for true data compared with 11.2 for 1000G).

However, the coefficient estimates are much less biased using the values obtained by

applying the proposed correction (effect size of 6.5 and 6.9 for HM1+2 and 8.3 and

6.6 for 1000G, when 50% and 90% of validation data is available).

In Table 4.3, all corrected analyses use bootstrap standard errors, while uncor-

rected analyses use model-based standard errors. For comparison, Table 4.4 repeats

the same 7 analyses but instead using sandwich standard errors across all analyses.

We notice that within each term for this example, the standard errors are much more

uniform. However, the differences in bias are still observed. Also note the coefficient

estimates using the values with the proposed correction applied (x̂p) depend on the

random subsample chosen. This is why the coefficient estimates differ in the cor-

rected analyses across Tables 4.4 and 4.5, even though using different standard error

estimators should have no impact.

The analysis was repeated in the CARe data with the natural log-transformed

triglycerides value, with and without potentially sparse categories recoded. The re-

sults were very similar to the untransformed analysis, with p-values for the interaction
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term larger than 0.85.

Unfortunately, we are unable to replicate the findings of the Bogalusa study here,

but there are some major differences between the populations considered. The Bo-

galusa Heart Study was comprised of 65% non-Hispanic Caucasians and 35% non-

Hispanic African-Americans from Bogalusa, LA. The study consisted of 6 cross-

sectional exams every 3 years between 1978 and 1996. The first of the exams included

young adults of age 18 to 20, while the final exam included individuals of age 18-41.

In the genetic analysis of interest, the authors considered a subset including only

those with blood samples collected for DNA genotyping (between 1988 and 1996). Of

those, 1,291 individuals (70% Caucasian) had genotypes for rs328 and rs1800588 with

a mean age of 25.8. Roughly 31% had one exam, 27% had two exams, and 42% had

three to seven exams.

The authors used mixed models to analyze the multiple observations per person,

considering the natural log-transformed triglycerides values and adjusting for age,

age2, gender, race, BMI, and BMI2 (centered). The main finding was based on the

combined sample including both Caucasians and African-Americans (though genotype

and allele frequency differences between the races were assessed).

They reported that the interaction term was significant in the combined sample

of 1,291, but only borderline among the Caucasians only (2307 observations on 902

individuals), and not-significant among the African-Americans only (918 observations

on 389 individuals).

It was also noted that the triglycerides measures (following a 12 hour fast) came

from two different procedures, before versus after 1986 but meet acceptable perfor-

mance criteria in the CDC-LSP (Centers for Disease Control and Prevention - Lipid

Standardization Program, 2012).

In contrast, the analysis performed on the subset of 2,026 MESA SHARe partici-

pants were aged 44 to 84 (mean 62.1) and free of clinical CVD at the baseline exam

from which the triglycerides values were measured, between 2000 and 2002. The par-
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Table 4.4: Assessing a g×g interaction of ga = rs328 and gb = rs1800588

Sandwich SEs used for all 7 models.

Estimate Std. Error 95% CI or TI Pr(>| t |)

xa 17.024 4.431 8.339 25.709 1.2 · 10−4

w1a 17.952 4.488 9.156 26.748 6.3 · 10−5

x̂1a·50 17.429 4.481 8.646 26.213 1.0 · 10−4

x̂1a·90 17.361 4.420 8.697 26.024 8.6 · 10−5

w2a 18.446 4.481 9.664 27.229 3.8 · 10−5

x̂2a·50 17.873 4.455 9.141 26.605 6.0 · 10−5

x̂2a·90 17.428 4.426 8.754 26.103 8.2 · 10−5

xb 6.156 9.963 −13.371 25.683 0.537

w1b 8.044 10.145 −11.840 27.928 0.428

x̂1b·50 7.779 10.076 −11.970 27.528 0.440

x̂1b·90 7.856 10.054 −11.849 27.561 0.435

w2b 11.231 10.004 −8.376 30.838 0.262

x̂2b·50 9.359 9.949 −10.142 28.860 0.347

x̂2b·90 7.966 9.928 −11.493 27.425 0.422

xab 1.145 6.036 −10.686 12.975 0.850

w1ab −0.138 6.156 −12.204 11.928 0.982

x̂1ab·50 0.397 6.098 −11.556 12.349 0.948

x̂1ab·90 0.207 6.067 −11.685 12.098 0.973

w2ab −1.592 6.083 −13.516 10.331 0.794

x̂2ab·50 −0.393 6.067 −12.283 11.498 0.948

x̂2ab·90 0.029 6.012 −11.754 11.811 0.996
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ticipants were recruited from six regions in the United States: Baltimore City and

Baltimore County, Maryland; Chicago, Illinois; Forsyth County, North Carolina; Los

Angeles County, California; New York, New York; and St. Paul, Minnesota (Bild et

al., 2002).

Hence, the differences in the characteristics between the Bogalusa and MESA

participants as well as differences in analysis methods may explain why we could not

replicate the results in MESA. Further exploration is desired in assessing improve-

ment in using our proposed correction method when there is interest in gene by gene

interactions between imputed SNPs.
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Chapter 5

DISCUSSION AND CONCLUSIONS

5.1 General observations from uncorrected analyses

In the previous chapter we began our investigation examining the concordance be-

tween true genotypes and imputed genotypes in each of 23 SNPs which are thought

to be associated with triglyceride levels. The degree of noise seen in our plots was

somewhat surprising. We also looked at the concordance between imputed genotypes

when using different reference panels (namely, HapMap 1+2 and 1000 Genomes pilot)

in each of the implicated SNPs which was also quite noisy. Further, comparing infer-

ence when using true genotypes on the full sample versus uncorrected imputed values,

we observed a reduction in the number of detected signals (previously implicated) as

well as introduction of bias in the coefficient estimates of interest.

5.2 Advantages of using regression calibration on imputed genotypes

Previous work by other groups recommended use of an imputed dosage over a best

guess genotype in order to account for imputation uncertainty. It is generally viewed

that by using the dosage, measurement error due to imputation is adequately ad-

dressed. However, our investigation shows that further improvements can be made

when regression calibration is applied to imputed genotypes rather than performing

OLS regression without correction. Such improvements include reduction of bias in

coefficient estimates and increased power to detect signals. Further, due to the nature

of the error, we typically do not experience a large cost in increased variance of the

corrected estimator, if any, associated with the reduction in bias.

Given validation data, one may be tempted to conduct standard analysis within
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the subset of (size p*2026) individuals with known genotypes and forgo a corrected

approach. However, when using just these participants, we do not observe the same

degree of concordance among the signals as when using the proposed correction on

the imputed data. A quick examination of this approach yields results with greater

bias in coefficient estimates as well as a larger reduction in power than when the

proposed correction is used. This finding (of course) depends on both the size of the

full sample as well as size of the subset. A brief examination included subsets of up

to 70% with known genotypes of the 2026 total participants.

We also assessed transportability of the calibration equation that is derived from

50% of known genotypes and taking corrected values as strictly the fitted values.

Although the scenario may be artificial, the purpose is to assess whether the regression

calibration equation has value for studies with similar populations, or possibly in other

races. It is noted that the correction would be expected to perform better on this

dataset, the data from which the calibration equation came from rather than new data.

The impact here would be on magnitude of bias in the coefficient estimates rather than

number of significant hits. The calibration equation applied to all participants only

offers one column as the linear combination of other columns of the design matrix,

which does not change p-values.

In summary, we believe this correction has valuable practical use. As highlighted

in the previous chapter, there are many examples of validation genotype data in

MESA with a range of validation coverage (percentage of known values). These

sets of validation data can be used to inform tests of association between imputed

genotype and phenotype yielding results that are closer to those based on the full set

of true genotypes (usually unknown) than when analyzing either the known subset or

imputed values alone. Similar secondary genotyping on subsets of participants is not

uncommon in other studies.
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5.3 Limitations of the methodology

The current methods require validation data, that is genotypes on a subset of the

participants in addition to the imputed values. Not surprisingly, the degree of success

attained by the correction is correlated with the size of the subset. However, it is

promising that improvement is seen even when the relative size of the subset is quite

small.

Our initial findings are based on one particular phenotype which might yield effect

sizes which are relatively larger than other complex traits of interest. In addition,

the results from each corrected model is dependent on the random subset with known

genotypes chosen (e.g., the blinding at random).

It is worth noting that our findings may be specific to an easier to detect effect in

this well-studied and widely-available phenotype relative to other traits of interest. We

should also consider the minor allele frequency (MAF), the underlying genetic model,

and more carefully examine the effects of influential observations for triglycerides,

as well as other phenotypes of interest. This dataset presents a unique opportunity

to perform additional simulations to assess performance of the proposed correction

methods under more general situations.

We had mentioned but not analyzed a 24th SNP in the previous chapter, which was

genotyped in both CARe and SHARe. Cross tabulation of this SNP reveals that there

is still some genotyping error in our ”gold standard” which is ignored. For this SNP,

we observed that 2007 of the 2026 individuals (99%) had concordant genotype calls

across the two platforms, though 3 of the remaining 19 individuals with discordant

calls had both alleles in disagreement (e.g. GG in CARe versus CC in SHARe).

However, error due to imputation remains the more impactful component.
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5.4 Future work

In parallel to our validation-based correction, we will next consider a replication-

based correction where imputation based on different reference panels can be viewed

as replicate data. We can still apply regression calibration methods motivated by

substituting an estimate of E(X | W, Z) for X. However, this will require some

modification of the standard methods presented in Chapter 2 in order to address

the departure from the classical error model. In this case, X is not observed, not

even in a subset. Further, we may take a structural modeling approach by imposing

distributional assumptions on X. This will be the focus of our upcoming work.

As an extension, we will also consider the absence of both validation and replicate

data. In this case, measurement error can still be addressed by obtaining an estimate

of the measurement error variances from external sources.
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Appendix A

SUPPLEMENTARY FIGURES: NATURE OF THE SNP

DOSAGE DATA

This Appendix includes the supplementary figures discussed in Section 4.1. The

first four plots show genotype dosage versus imputed dosage across the 23 SNPs

of interest, using HapMap 1+2 imputation (first pair of plots) and 1000 Genomes

imputation (second pair of plots). The last pair of plots show HapMap1+2 imputed

dosage versus 1000 Genomes imputed dosage.
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Figure A.1: CARe genotypes versus HapMap 1+2 imputation
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Figure A.2: CARe genotypes versus HapMap 1+2 imputation (continued)
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Figure A.3: CARe genotypes versus 1000 Genomes imputation
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Figure A.4: CARe genotypes versus 1000 Genomes imputation (continued)
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Figure A.5: HapMap 1+2 versus 1000 Genomes imputation
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Figure A.6: HapMap 1+2 versus 1000 Genomes imputation (continued)
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Appendix B

SINGLE SNP MODEL REGRESSION OUTPUT

This Appendix includes the supplementary table discussed in Section 4.2 and

presents regression results using the known data from the CARe genotyping (x), as

well as uncorrected estimates from both sources of imputation (w1 and w2), compared

with validation-based regression calibration (x̂1 and x̂2) for each of the 23 SNPs.

Regression output is presented where p = 40, 50, or 90% of the participants have

known genotypes (remaining (1 − p)% use the calibrated dosage). The subscript s

denotes results based on sandwich standard error estimates, m denotes model-based

standard error estimates. Sandwich-based results were very similar to bootstrap-based

results (not shown). We consider a level of significance of 0.05 because each of these

23 SNPs was previously reported as associated with triglyceride level (Aulchenko et

al., 2009; Chasman et al., 2008; Kathiresan et al., 2008, 2009; Kooner et al., 2008;

Lamina et al., 2011; Sabatti et al., 2009; Saxena et al., 2007; Tan et al., 2012).

This table shows results of one of the random iterations tabulated in Table 4.2

which presents the total number of SNPs with significant associations detected (out of

23) for the analyses of known genotypes as well as uncorrected and corrected values.
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Table B.1: Impact of ME correction in single SNP models

rs10455872 Estimate Std. Error 95% CI or TI Pr(>| t |)

xm 3.330 5.559 −7.565 14.226 0.549

xs 3.330 5.083 −6.633 13.294 0.512

w1m −2.444 8.585 −19.270 14.382 0.776

w1s −2.444 12.032 −26.027 21.139 0.839

x̂1s·40 −3.406 9.913 −22.837 16.024 0.731

x̂1s·50 −1.605 8.947 −19.141 15.932 0.858

x̂1s·90 3.852 5.129 −6.201 13.906 0.453

w2m −1.239 6.839 −14.643 12.166 0.856

w2s −1.239 11.180 −23.152 20.675 0.912

x̂2s·40 −4.348 11.553 −26.991 18.296 0.707

x̂2s·50 −3.216 10.558 −23.909 17.476 0.761

x̂2s·90 3.579 5.100 −6.416 13.575 0.483
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Table B.1 (continued . . . )

rs439401 Estimate Std. Error 95% CI or TI Pr(>| t |)

xm 10.303 2.942 4.536 16.070 4.6 · 10−4

xs 10.303 2.925 4.570 16.035 4.3 · 10−4

w1m 7.558 4.212 −0.697 15.813 0.073

w1s 7.558 3.854 0.004 15.112 0.050

x̂1s·40 8.291 2.988 2.434 14.148 0.006

x̂1s·50 8.440 3.431 1.715 15.165 0.014

x̂1s·90 10.719 3.003 4.834 16.604 3.6 · 10−4

w2m 4.208 4.439 −4.492 12.908 0.343

w2s 4.208 3.571 −2.791 11.207 0.239

x̂2s·40 7.940 2.950 2.158 13.722 0.007

x̂2s·50 8.225 3.824 0.731 15.719 0.031

x̂2s·90 10.878 3.072 4.856 16.900 4.0 · 10−4

rs1042034 Estimate Std. Error 95% CI or TI Pr(>| t |)

xm −0.863 3.472 −7.667 5.942 0.804

xs −0.863 3.404 −7.535 5.810 0.800

w1m −0.711 3.489 −7.549 6.126 0.838

w1s −0.711 3.425 −7.424 6.001 0.835

x̂1s·40 −0.838 3.402 −7.505 5.830 0.805

x̂1s·50 −0.601 3.407 −7.279 6.076 0.860

x̂1s·90 −0.834 3.408 −7.513 5.844 0.807

w2m −0.611 3.483 −7.439 6.216 0.861

w2s −0.611 3.418 −7.311 6.088 0.858

x̂2s·40 −0.810 3.405 −7.483 5.863 0.812

x̂2s·50 −0.635 3.405 −7.308 6.038 0.852

x̂2s·90 −0.841 3.407 −7.519 5.837 0.805
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Table B.1 (continued . . . )

rs1260326 Estimate Std. Error 95% CI or TI Pr(>| t |)

xm −6.183 2.877 −11.821 −0.544 0.032

xs −6.183 3.261 −12.575 0.209 0.058

w1m −6.208 2.907 −11.905 −0.510 0.033

w1s −6.208 3.309 −12.694 0.279 0.061

x̂1s·40 −6.119 3.293 −12.574 0.336 0.063

x̂1s·50 −6.162 3.272 −12.574 0.251 0.060

x̂1s·90 −6.264 3.270 −12.673 0.145 0.055

w2m −5.666 2.913 −11.375 0.044 0.052

w2s −5.666 3.364 −12.260 0.928 0.092

x̂2s·40 −5.861 3.315 −12.358 0.636 0.077

x̂2s·50 −5.728 3.311 −12.218 0.761 0.084

x̂2s·90 −6.275 3.268 −12.682 0.131 0.055

rs261342 Estimate Std. Error 95% CI or TI Pr(>| t |)

xm −6.807 3.372 −13.416 −0.197 0.044

xs −6.807 3.319 −13.312 −0.302 0.040

w1m −6.662 3.462 −13.448 0.124 0.054

w1s −6.662 3.369 −13.266 −0.058 0.048

x̂1s·40 −6.522 3.344 −13.077 0.033 0.051

x̂1s·50 −6.905 3.282 −13.337 −0.472 0.035

x̂1s·90 −6.690 3.345 −13.246 −0.134 0.046

w2m −7.211 3.433 −13.940 −0.482 0.036

w2s −7.211 3.407 −13.889 −0.533 0.034

x̂2s·40 −6.663 3.343 −13.216 −0.110 0.046

x̂2s·50 −7.141 3.361 −13.729 −0.553 0.034

x̂2s·90 −6.649 3.336 −13.187 −0.111 0.046



67

Table B.1 (continued . . . )

rs2954029 Estimate Std. Error 95% CI or TI Pr(>| t |)

xm 3.527 2.879 −2.116 9.170 0.221

xs 3.527 2.434 −1.243 8.298 0.147

w1m 3.605 2.868 −2.017 9.227 0.209

w1s 3.605 2.379 −1.058 8.268 0.130

x̂1s·40 3.313 2.445 −1.478 8.104 0.175

x̂1s·50 3.878 2.398 −0.821 8.577 0.106

x̂1s·90 3.578 2.435 −1.195 8.351 0.142

w2m 3.549 2.893 −2.122 9.220 0.220

w2s 3.549 2.428 −1.210 8.308 0.144

x̂2s·40 3.618 2.447 −1.178 8.414 0.139

x̂2s·50 3.488 2.420 −1.255 8.232 0.149

x̂2s·90 3.594 2.437 −1.182 8.371 0.140

rs4810479 Estimate Std. Error 95% CI or TI Pr(>| t |)

xm 0.605 3.221 −5.708 6.918 0.851

xs 0.605 3.100 −5.471 6.681 0.845

w1m 0.391 3.338 −6.151 6.933 0.907

w1s 0.391 3.059 −5.605 6.386 0.898

x̂1s·40 −0.246 3.191 −6.501 6.009 0.939

x̂1s·50 0.451 3.124 −5.672 6.575 0.885

x̂1s·90 0.465 3.126 −5.662 6.593 0.882

w2m 2.700 3.279 −3.726 9.126 0.410

w2s 2.700 3.148 −3.470 8.870 0.391

x̂2s·40 0.135 3.235 −6.205 6.475 0.967

x̂2s·50 0.964 3.196 −5.301 7.229 0.763

x̂2s·90 0.719 3.108 −5.373 6.810 0.817
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Table B.1 (continued . . . )

rs301 Estimate Std. Error 95% CI or TI Pr(>| t |)

xm −16.277 3.217 −22.581 −9.972 4.2 · 10−7

xs −16.277 2.929 −22.017 −10.536 2.7 · 10−8

w1m −14.982 3.393 −21.631 −8.332 1.0 · 10−5

w1s −14.982 3.102 −21.062 −8.901 1.4 · 10−6

x̂1s·40 −15.452 3.051 −21.433 −9.472 4.1 · 10−7

x̂1s·50 −15.608 2.980 −21.449 −9.768 1.6 · 10−7

x̂1s·90 −16.104 2.943 −21.872 −10.336 4.5 · 10−8

w2m −16.329 3.397 −22.987 −9.671 1.5 · 10−6

w2s −16.329 3.222 −22.644 −10.014 4.0 · 10−7

x̂2s·40 −17.184 3.154 −23.367 −11.002 5.1 · 10−8

x̂2s·50 −16.334 3.100 −22.411 −10.257 1.4 · 10−7

x̂2s·90 −16.302 2.934 −22.053 −10.552 2.8 · 10−8

rs328 Estimate Std. Error 95% CI or TI Pr(>| t |)

xm 17.689 4.575 8.722 26.657 1.1 · 10−4

xs 17.689 3.477 10.874 24.505 3.6 · 10−7

w1m 17.796 4.563 8.853 26.739 9.6 · 10−5

w1s 17.796 3.491 10.954 24.638 3.4 · 10−7

x̂1s·40 17.790 3.502 10.926 24.654 3.8 · 10−7

x̂1s·50 17.805 3.514 10.917 24.694 4.0 · 10−7

x̂1s·90 17.703 3.480 10.882 24.525 3.6 · 10−7

w2m 17.682 4.562 8.740 26.624 1.1 · 10−4

w2s 17.682 3.481 10.860 24.504 3.8 · 10−7

x̂2s·40 17.623 3.476 10.810 24.436 4.0 · 10−7

x̂2s·50 17.632 3.500 10.772 24.492 4.7 · 10−7

x̂2s·90 17.691 3.479 10.872 24.510 3.7 · 10−7
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Table B.1 (continued . . . )

rs1800588 Estimate Std. Error 95% CI or TI Pr(>| t |)

xm 8.184 3.495 1.333 15.034 0.019

xs 8.184 3.377 1.565 14.802 0.015

w1m 7.667 3.555 0.698 14.635 0.031

w1s 7.667 3.378 1.045 14.288 0.023

x̂1s·40 7.734 3.407 1.055 14.412 0.023

x̂1s·50 7.144 3.312 0.651 13.636 0.031

x̂1s·90 7.981 3.381 1.354 14.607 0.018

w2m 8.313 3.503 1.448 15.179 0.018

w2s 8.313 3.397 1.655 14.972 0.014

x̂2s·40 8.109 3.422 1.401 14.817 0.018

x̂2s·50 8.099 3.354 1.525 14.672 0.016

x̂2s·90 8.177 3.387 1.539 14.816 0.016

rs11666133 Estimate Std. Error 95% CI or TI Pr(>| t |)

xm 17.997 6.716 4.834 31.160 0.007

xs 17.997 4.451 9.274 26.720 5.3 · 10−5

w1m 12.353 9.717 −6.691 31.398 0.204

w1s 12.353 9.263 −5.803 30.510 0.182

x̂1s·40 11.111 7.200 −3.001 25.224 0.123

x̂1s·50 19.804 4.733 10.527 29.081 2.9 · 10−5

x̂1s·90 17.323 4.510 8.483 26.163 1.2 · 10−4

w2m 19.300 11.346 −2.938 41.537 0.089

w2s 19.300 10.842 −1.950 40.550 0.075

x̂2s·40 14.507 7.269 0.260 28.753 0.046

x̂2s·50 20.493 4.700 11.281 29.704 1.3 · 10−5

x̂2s·90 17.150 4.525 8.280 26.020 1.5 · 10−4
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Table B.1 (continued . . . )

rs3131382 Estimate Std. Error 95% CI or TI Pr(>| t |)

xm 15.667 5.789 4.321 27.013 0.007

xs 15.667 3.957 7.911 23.422 7.5 · 10−5

w1m 14.810 5.766 3.509 26.112 0.010

w1s 14.810 4.451 6.087 23.534 0.001

x̂1s·40 16.860 5.334 6.404 27.315 0.002

x̂1s·50 18.582 4.668 9.433 27.731 6.9 · 10−5

x̂1s·90 16.355 4.187 8.148 24.561 9.4 · 10−5

w2m 9.779 10.813 −11.414 30.972 0.366

w2s 9.779 8.817 −7.502 27.060 0.267

x̂2s·40 16.242 6.512 3.479 29.005 0.013

x̂2s·50 20.569 5.151 10.472 30.665 6.5 · 10−5

x̂2s·90 16.809 4.167 8.642 24.977 5.5 · 10−5

rs7694035 Estimate Std. Error 95% CI or TI Pr(>| t |)

xm 12.498 3.290 6.049 18.946 1.5 · 10−4

xs 12.498 3.244 6.139 18.856 1.2 · 10−4

w1m 11.050 3.784 3.634 18.465 0.004

w1s 11.050 3.949 3.309 18.790 0.005

x̂1s·40 9.499 3.644 2.357 16.640 0.009

x̂1s·50 11.151 3.624 4.048 18.254 0.002

x̂1s·90 12.608 3.285 6.169 19.047 1.2 · 10−4

w2m 12.472 3.633 5.351 19.594 0.001

w2s 12.472 3.213 6.174 18.771 1.0 · 10−4

x̂2s·40 11.799 3.194 5.539 18.058 2.2 · 10−4

x̂2s·50 12.746 3.587 5.716 19.776 3.8 · 10−4

x̂2s·90 12.965 3.315 6.467 19.463 9.2 · 10−5



71

Table B.1 (continued . . . )

rs1411017 Estimate Std. Error 95% CI or TI Pr(>| t |)

xm −16.411 6.774 −29.688 −3.134 0.015

xs −16.411 4.392 −25.019 −7.803 1.9 · 10−4

w1m −15.611 8.532 −32.335 1.112 0.067

w1s −15.611 5.865 −27.108 −4.115 0.008

x̂1s·40 −15.536 5.144 −25.617 −5.454 0.003

x̂1s·50 −20.445 5.200 −30.636 −10.253 8.4 · 10−5

x̂1s·90 −15.371 4.550 −24.290 −6.453 0.001

w2m −17.165 9.188 −35.174 0.844 0.062

w2s −17.165 6.213 −29.341 −4.988 0.006

x̂2s·40 −17.978 5.135 −28.042 −7.914 4.6 · 10−4

x̂2s·50 −22.704 5.242 −32.978 −12.430 1.5 · 10−5

x̂2s·90 −14.833 4.524 −23.699 −5.966 0.001

rs1553921 Estimate Std. Error 95% CI or TI Pr(>| t |)

xm −21.257 9.790 −40.445 −2.068 0.030

xs −21.257 5.872 −32.766 −9.747 2.9 · 10−4

w1m −24.590 13.333 −50.723 1.543 0.065

w1s −24.590 8.310 −40.877 −8.303 0.003

x̂1s·40 −21.203 6.311 −33.572 −8.834 0.001

x̂1s·50 −21.547 6.311 −33.918 −9.177 0.001

x̂1s·90 −21.985 5.988 −33.721 −10.249 2.4 · 10−4

w2m −22.741 10.614 −43.544 −1.937 0.032

w2s −22.741 6.575 −35.629 −9.853 0.001

x̂2s·40 −21.312 6.069 −33.207 −9.418 4.5 · 10−4

x̂2s·50 −21.427 6.010 −33.207 −9.648 3.6 · 10−4

x̂2s·90 −21.632 5.964 −33.322 −9.942 2.9 · 10−4



72

Table B.1 (continued . . . )

rs2070027 Estimate Std. Error 95% CI or TI Pr(>| t |)

xm 19.304 8.044 3.537 35.070 0.016

xs 19.304 5.388 8.743 29.864 3.4 · 10−4

w1m 14.007 8.934 −3.502 31.517 0.117

w1s 14.007 6.879 0.525 27.490 0.042

x̂1s·40 18.086 6.533 5.281 30.891 0.006

x̂1s·50 15.240 6.309 2.875 27.605 0.016

x̂1s·90 19.064 5.411 8.458 29.670 4.3 · 10−4

w2m 14.925 9.837 −4.357 34.206 0.129

w2s 14.925 7.232 0.750 29.099 0.039

x̂2s·40 17.079 6.114 5.096 29.061 0.005

x̂2s·50 15.227 6.026 3.417 27.037 0.011

x̂2s·90 17.561 5.393 6.991 28.132 0.001

rs17650274 Estimate Std. Error 95% CI or TI Pr(>| t |)

xm −13.691 5.410 −24.293 −3.088 0.011

xs −13.691 3.825 −21.188 −6.194 3.4 · 10−4

w1m −16.702 7.105 −30.628 −2.777 0.019

w1s −16.702 5.493 −27.468 −5.937 0.002

x̂1s·40 −19.341 4.519 −28.199 −10.484 1.9 · 10−5

x̂1s·50 −13.807 4.571 −22.766 −4.849 0.003

x̂1s·90 −14.326 3.961 −22.089 −6.563 3.0 · 10−4

w2m −16.628 6.203 −28.786 −4.471 0.007

w2s −16.628 4.494 −25.437 −7.820 2.2 · 10−4

x̂2s·40 −20.455 4.462 −29.201 −11.708 4.6 · 10−6

x̂2s·50 −17.389 4.304 −25.824 −8.953 5.3 · 10−5

x̂2s·90 −14.258 3.954 −22.008 −6.509 3.1 · 10−4
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Table B.1 (continued . . . )

rs1124777 Estimate Std. Error 95% CI or TI Pr(>| t |)

xm −21.017 9.857 −40.337 −1.697 0.033

xs −21.017 5.930 −32.639 −9.395 3.9 · 10−4

w1m −24.834 13.529 −51.350 1.682 0.067

w1s −24.834 8.458 −41.412 −8.255 0.003

x̂1s·40 −19.843 6.360 −32.308 −7.378 0.002

x̂1s·50 −20.080 6.442 −32.706 −7.454 0.002

x̂1s·90 −20.850 5.988 −32.587 −9.113 5.0 · 10−4

w2m −23.183 10.773 −44.299 −2.067 0.032

w2s −23.183 6.636 −36.190 −10.176 4.8 · 10−4

x̂2s·40 −21.299 6.107 −33.270 −9.329 4.9 · 10−4

x̂2s·50 −21.372 6.148 −33.422 −9.321 0.001

x̂2s·90 −21.068 5.935 −32.702 −9.435 3.9 · 10−4

rs7682765 Estimate Std. Error 95% CI or TI Pr(>| t |)

xm −13.162 5.396 −23.738 −2.587 0.015

xs −13.162 3.719 −20.452 −5.873 4.0 · 10−4

w1m −8.161 6.670 −21.233 4.912 0.221

w1s −8.161 5.540 −19.020 2.698 0.141

x̂1s·40 −9.252 5.614 −20.256 1.752 0.099

x̂1s·50 −13.375 5.041 −23.255 −3.496 0.008

x̂1s·90 −14.848 3.900 −22.493 −7.204 1.4 · 10−4

w2m 11.717 12.408 −12.603 36.037 0.345

w2s 11.717 10.334 −8.537 31.971 0.257

x̂2s·40 −3.109 5.824 −14.525 8.307 0.594

x̂2s·50 −7.139 5.382 −17.687 3.410 0.185

x̂2s·90 −15.327 3.937 −23.043 −7.612 9.9 · 10−5
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Table B.1 (continued . . . )

rs10509569 Estimate Std. Error 95% CI or TI Pr(>| t |)

xm −15.159 5.834 −26.594 −3.723 0.009

xs −15.159 4.290 −23.568 −6.750 4.1 · 10−4

w1m −8.632 7.085 −22.519 5.254 0.223

w1s −8.632 5.659 −19.725 2.460 0.127

x̂1s·40 −18.265 5.324 −28.700 −7.830 0.001

x̂1s·50 −9.600 5.166 −19.727 0.526 0.063

x̂1s·90 −15.498 4.367 −24.057 −6.939 3.9 · 10−4

w2m −18.679 6.467 −31.355 −6.003 0.004

w2s −18.679 4.991 −28.461 −8.897 1.8 · 10−4

x̂2s·40 −19.774 4.682 −28.951 −10.597 2.4 · 10−5

x̂2s·50 −15.909 4.976 −25.662 −6.157 0.001

x̂2s·90 −15.938 4.298 −24.362 −7.515 2.1 · 10−4

rs13274621 Estimate Std. Error 95% CI or TI Pr(>| t |)

xm 7.775 4.435 −0.919 16.468 0.080

xs 7.775 3.658 0.605 14.945 0.034

w1m 1.422 7.836 −13.936 16.780 0.856

w1s 1.422 7.569 −13.414 16.258 0.851

x̂1s·40 5.974 4.768 −3.372 15.319 0.210

x̂1s·50 6.820 4.911 −2.805 16.444 0.165

x̂1s·90 6.329 3.697 −0.916 13.575 0.087

w2m 7.639 4.441 −1.065 16.342 0.086

w2s 7.639 3.662 0.460 14.817 0.037

x̂2s·40 7.665 3.651 0.509 14.820 0.036

x̂2s·50 7.709 3.670 0.516 14.901 0.036

x̂2s·90 7.789 3.655 0.624 14.953 0.033
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Table B.1 (continued . . . )

rs7003666 Estimate Std. Error 95% CI or TI Pr(>| t |)

xm 12.489 10.062 −7.233 32.211 0.215

xs 12.489 7.314 −1.846 26.824 0.088

w1m 10.026 10.492 −10.538 30.591 0.339

w1s 10.026 8.224 −6.093 26.145 0.223

x̂1s·40 12.664 7.851 −2.725 28.053 0.107

x̂1s·50 12.923 7.876 −2.514 28.359 0.101

x̂1s·90 12.872 7.330 −1.496 27.240 0.079

w2m 10.520 10.940 −10.923 31.963 0.336

w2s 10.520 8.447 −6.037 27.077 0.213

x̂2s·40 12.244 7.543 −2.540 27.027 0.105

x̂2s·50 12.263 7.663 −2.756 27.282 0.110

x̂2s·90 12.480 7.332 −1.890 26.850 0.089

rs7843046 Estimate Std. Error 95% CI or TI Pr(>| t |)

xm 13.100 9.929 −6.361 32.561 0.187

xs 13.100 7.244 −1.098 27.299 0.071

w1m 9.961 10.482 −10.584 30.505 0.342

w1s 9.961 8.219 −6.148 26.069 0.226

x̂1s·40 10.405 8.407 −6.072 26.882 0.216

x̂1s·50 10.862 7.480 −3.799 25.524 0.146

x̂1s·90 13.102 7.350 −1.304 27.508 0.075

w2m 12.980 10.749 −8.089 34.048 0.227

w2s 12.980 8.230 −3.151 29.111 0.115

x̂2s·40 13.168 7.888 −2.292 28.629 0.095

x̂2s·50 13.261 7.609 −1.653 28.174 0.081

x̂2s·90 12.813 7.303 −1.502 27.127 0.079
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Appendix C

ANNOTATED R CODE

This Appendix includes R code implementing the proposed measurement error

correction described in this thesis. Section C.1 includes annotated R code which

implements each of the steps of validation-based regression calibration for a sin-

gle SNP model. The function’s output displays results from uncorrected and cor-

rected approaches as well as the gold standard. Section C.2 details our comparison

of validation-based regression calibration with an interaction of two imputed SNPs

(using sandwich estimates of standard errors).

C.1 Comparing uncorrected and corrected analysis of single SNP mod-

els with the gold standard

# Includes comparison of model-based, bootstrapped, and sandwich SEs

library(Hmisc)

valid.regcal <- function(dataset, snpid, ii, B=1000, percent.known)

{

n <- dim(dataset)[1] # number of individuals

y <- dataset$trig1 # define phenotype

z1 <- dataset$age1c # define covariates z1-z7 (perfectly measured)

z2 <- dataset$gender1

z3 <- dataset$site4

z4 <- dataset$site5

z5 <- dataset$site6

z6 <- dataset$site7

z7 <- dataset$site8

# define x=genotyped (no ME),

# w1=HM1+2 imputed (with ME), w2=1000G imputed (with ME)

x <- eval(substitute(dataset$variable, list(variable = as.name(paste(snpid[ii],"_C", sep="")))))
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w1 <- eval(substitute(dataset$variable, list(variable = as.name(paste(snpid[ii],"_S", sep="")))))

w2 <- eval(substitute(dataset$variable, list(variable = as.name(paste(snpid[ii],"_S2",sep="")))))

# if coef of w is negative, fix strand flip in w’s

if(summary(lm(x~w2))$coeff[2,1]<0) { w2 <- 2 - w2 }

if(summary(lm(x~w1))$coeff[2,1]<0) { w1 <- 2 - w1 }

# standard OLS regression for predictors: perfectly measured x, mismeasured w1, w2

lmperfect <- lm(y ~ x + z1+z2+z3+z4+z5+z6+z7)

lmnaive1 <- lm(y ~ w1 + z1+z2+z3+z4+z5+z6+z7)

lmnaive2 <- lm(y ~ w2 + z1+z2+z3+z4+z5+z6+z7)

# now suppose we know x for a subset of percent.known out of n=2026

# get random subset, percent.known of data (same random subset is used for HM1+2 and 1000G)

# r contains the indices of the sample

# is.element(x, y) # length x

sample.n <- round(n*percent.known) # number of individuals in subset

r <- sample(1:n, sample.n, replace=F)

known.x <- is.element(seq(1:n), r)

# motivate correction by comparing regression in x subset only

lmperfect2 <- lm(y ~ x + z1+z2+z3+z4+z5+z6+z7, subset=known.x)

# correction equation using only x in subset

# predict for all n, known or not, but x.hat stores combo of fitted and known values

# HapMap 1+2

lmrc1 <- lm(x ~ w1 + z1+z2+z3+z4+z5+z6+z7, subset=known.x)

x.fitted1 <- predict(lmrc1, list(w1,z1,z2,z3,z4,z5,z6,z7))

x.hat1 <- ifelse(known.x, x, x.fitted1)

# 1000 Genomes

lmrc2 <- lm(x ~ w2 + z1+z2+z3+z4+z5+z6+z7, subset=known.x)

x.fitted2 <- predict(lmrc2, list(w2,z1,z2,z3,z4,z5,z6,z7))

x.hat2 <- ifelse(known.x, x, x.fitted2)

# regression calibration: OLS regression on corrected values, x.hat; SEs not valid (see below)

lmrc.final1 <- lm(y ~ x.hat1 + z1+z2+z3+z4+z5+z6+z7)

lmrc.final2 <- lm(y ~ x.hat2 + z1+z2+z3+z4+z5+z6+z7)

# regression calibration: same as above but uses corrected SEs (sandwich estimates)

lmfitter<-function(geno)

{
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# create design matrix Xfit and drop individuals with NA values

dropitems <- is.na(geno)

Z <- as.matrix(cbind(z1,z2,z3,z4,z5,z6,z7))

# add last column to Z for the intercept

Z <- cbind(Z, array(1, c(dim(Z)[1],1)))

Xfit <- as.matrix(cbind(geno,Z))

Xfit <- Xfit[!dropitems,]

y <- y[!dropitems]

p <- NCOL(Z)+1

n <- NROW(Xfit)

model <- lm.fit(Xfit, y)

beta <- coef(model)[1]

r <- resid(model)

# get sandwich estimates

# dim(model$qr$qr) = n x p = 760 x p

A <- chol2inv(model$qr$qr[1:p,1:p])

ABA <- crossprod((Xfit*r)%*%A)

se <- sqrt(ABA[1,1])

# get p-value

pval <- 2*pnorm(-abs(beta)/se)

# return coefficient estimate, sandwich SE, and p-value

return(c(beta=beta, se=se, pval=pval))

}

# obtain 5 sandwich estimates: x,w1,w2,xh1,xh2

# returns c(beta, se, pval)

lm.xs <- lmfitter(x)

lm.w1 <- lmfitter(w1)

lm.w2 <- lmfitter(w2)

lm.xh1 <- lmfitter(x.hat1)

lm.xh2 <- lmfitter(x.hat2)

# obtain bootstrap confidence intervals

# subfunction: repeat original analysis in ONE random resample (only saves the coeff estimate)

boot.rc <- function(n)

{

r <- sample(1:n,n, replace=T)
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# r denotes the bootstrap resample (same resamples used for HM1+2 and 1000G)

# code below just repeats the original analysis for this resampled data

# HapMap 1+2

lmrc.r1 <- lm(x[r] ~ w1[r] +z1[r]+z2[r]+z3[r]+z4[r]+z5[r]+z6[r]+z7[r], subset=known.x[r])

x.fitted.r1 <- predict(lmrc.r1, list(w1[r],z1[r],z2[r],z3[r],z4[r],z5[r],z6[r],z7[r]))

x.hat.r1 <- ifelse(known.x[r], x[r], x.fitted1[r])

# used x.fitted1 values not x.fitted.r1 due to instability

lmrc.final.r1 <- lm(y[r]~x.hat.r1 +z1[r]+z2[r]+z3[r]+z4[r]+z5[r]+z6[r]+z7[r])

# 1000 Genomes

lmrc.r2 <- lm(x[r] ~ w2[r] +z1[r]+z2[r]+z3[r]+z4[r]+z5[r]+z6[r]+z7[r], subset=known.x[r])

x.fitted.r2 <- predict(lmrc.r2, list(w2[r],z1[r],z2[r],z3[r],z4[r],z5[r],z6[r],z7[r]))

x.hat.r2 <- ifelse(known.x[r], x[r], x.fitted2[r])

# used x.fitted2 values not x.fitted.r2 due to instability

lmrc.final.r2 <- lm(y[r]~x.hat.r2 + z1[r]+z2[r]+z3[r]+z4[r]+z5[r]+z6[r]+z7[r])

# only saving coefficients for SNP from each hm12 and 1kg

c(lmrc.final.r1$coefficients[2], lmrc.final.r2$coefficients[2])

}

# bootstrap confidence interval needs to allow for uncertainty in x.hat

# B = number of bootstrap resamples to take - length of r below

# call above boot.rc subfunction B times, then get means, sd, quantiles for coefficient estimates

boot.tab <- replicate(B, boot.rc(n))

tab <- t(apply(boot.tab, 1, function(s){c(mean(s),sqrt(var(s)), quantile(s,c(0.025,0.975)) )}))

# boot SEs = tab[1:2,2]

# boot CIs = tab[1:2,3:4]

beta1.hats <- c(summary(lmperfect )$coefficients[2,1], lm.xs[1],

summary(lmnaive1 )$coefficients[2,1], lm.w1[1],

summary(lmrc.final1)$coefficients[2,1], lm.xh1[1],

summary(lmnaive2 )$coefficients[2,1], lm.w2[1],

summary(lmrc.final2)$coefficients[2,1], lm.xh2[1])

SEs <- c(summary(lmperfect )$coefficients[2,2], lm.xs[2],

summary(lmnaive1 )$coefficients[2,2], lm.w1[2], tab[1,2], lm.xh1[2],

summary(lmnaive2 )$coefficients[2,2], lm.w2[2], tab[2,2], lm.xh2[2])

# 95% CIs, dummy placeholder for TI for now, replace later

low <- beta1.hats - 1.96 * SEs

upp <- beta1.hats + 1.96 * SEs

# use dummy placeholder NA for bootstrap pval
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pval <- c(summary(lmperfect)$coefficients[2,4], lm.xs[3],

summary(lmnaive1 )$coefficients[2,4], lm.w1[3], NA, lm.xh1[3],

summary(lmnaive2 )$coefficients[2,4], lm.w2[3], NA, lm.xh2[3])

# replace using rows 1-2 (xh1,xh2) of tab[] with tolerance interval low, upp

# (quantiles of bootstrap resamples)

low[5] <- tab[1,3]

upp[5] <- tab[1,4]

low[9] <- tab[2,3]

upp[9] <- tab[2,4]

rownames <- c("xm","xs","w1m","w1s","xhat1b","xhat1s","w2m","w2s","xhat2b","xhat2s")

# colnames <- c("Estimate", "Std. Error", "2.5%", "97.5%", "Pr(>|t|)")

# this returns 10 rows corresponding to each model for comparison

table.B.1 <- as.data.frame(round(cbind(beta1.hats, SEs,low,upp,pval), dig=3), row.names=rownames)

table.B.1

}

C.2 Comparing uncorrected and corrected analysis of g × g interaction

models with the gold standard

# Returns 5-row block for each model, for each of main effect of SNP A, SNP B, and interaction AxB

# Uses sandwich SE estimates only

library(Hmisc)

valid.regcal.int <- function(dataset, snpid, ii, B=1000, percent.known)

{

n <- dim(dataset)[1] # number of individuals

y <- dataset$trig1 # define phenotype

z1 <- dataset$age1c # define covariates z1-z7 (perfectly measured)

z2 <- dataset$gender1

z3 <- dataset$site4

z4 <- dataset$site5

z5 <- dataset$site6

z6 <- dataset$site7

z7 <- dataset$site8

# define x=genotyped (no ME), w1=HM1+2 imputed (with ME), w2=1000G imputed (with ME)

# 1=hm12, 2=1kg, a=snpA, b=snpB

xa <- eval(substitute(dataset$variable,list(variable=as.name(paste(snpid[ii], "_C", sep="")))))
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w1a <- eval(substitute(dataset$variable,list(variable=as.name(paste(snpid[ii], "_S", sep="")))))

w2a <- eval(substitute(dataset$variable,list(variable=as.name(paste(snpid[ii],"_S2", sep="")))))

xb <- eval(substitute(dataset$variable,list(variable=as.name(paste(snpid[ii+1],"_C",sep="")))))

w1b <- eval(substitute(dataset$variable,list(variable=as.name(paste(snpid[ii+1],"_S",sep="")))))

w2b <- eval(substitute(dataset$variable,list(variable=as.name(paste(snpid[ii+1],"_S2",sep="")))))

# if coef of w is negative, fix strand flip in w’s

if(summary(lm(xa~w2a))$coeff[2,1]<0) { w2a <- 2 - w2a }

if(summary(lm(xb~w2b))$coeff[2,1]<0) { w2b <- 2 - w2b }

if(summary(lm(xb~w1b))$coeff[2,1]<0) { w1b <- 2 - w1b }

# duplicate x’s for naming simplicity

x1a <- xa

x2a <- xa

x1b <- xb

x2b <- xb

# create interaction terms

x1ax1b <- x1a * x1b

w1aw1b <- w1a * w1b

x2ax2b <- x2a * x2b

w2aw2b <- w2a * w2b

# standard OLS regression for predictors: perfectly measured x, mismeasured w1, w2

lmperfect1 <- lm(y ~ x1a + x1b + x1ax1b + z1+z2+z3+z4+z5+z6+z7)

lmnaive1 <- lm(y ~ w1a + w1b + w1aw1b + z1+z2+z3+z4+z5+z6+z7)

# lmperfect2 <- lm(y ~ x2a + x2b + x2ax2b + z1+z2+z3+z4+z5+z6+z7) # same as lmperfect1

lmnaive2 <- lm(y ~ w2a + w2b + w2aw2b + z1+z2+z3+z4+z5+z6+z7)

# now suppose we know x for a subset of percent.known out of n=2026

# get random subset, percent.known of data (same random subset is used for HM1+2 and 1000G)

# r contains the indices of the sample

# is.element(x, y) # length x

sample.n <- round(n*percent.known)

r <- sample(1:n, sample.n, replace=F)

known.x <- is.element(seq(1:n), r)

# correction equation using only x in subset (and all covariates)

# predict for all n, known or not, but x.hat stores combo of fitted and known values

# HapMap 1+2

lmrc1a <- lm(x1a ~ w1a + w1b + w1aw1b + z1+z2+z3+z4+z5+z6+z7, subset=known.x)

lmrc1b <- lm(x1b ~ w1a + w1b + w1aw1b + z1+z2+z3+z4+z5+z6+z7, subset=known.x)
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x.fitted1a <- predict(lmrc1a, list(w1a,w1b,w1aw1b,z1,z2,z3,z4,z5,z6,z7))

x.fitted1b <- predict(lmrc1b, list(w1a,w1b,w1aw1b,z1,z2,z3,z4,z5,z6,z7))

x.hat1a <- ifelse(known.x, x1a, x.fitted1a)

x.hat1b <- ifelse(known.x, x1b, x.fitted1b)

# 1000 Genomes

lmrc2a <- lm(x2a ~ w2a + w2b + w2aw2b + z1+z2+z3+z4+z5+z6+z7, subset=known.x)

lmrc2b <- lm(x2b ~ w2a + w2b + w2aw2b + z1+z2+z3+z4+z5+z6+z7, subset=known.x)

x.fitted2a <- predict(lmrc2a, list(w2a,w2b,w2aw2b,z1,z2,z3,z4,z5,z6,z7))

x.fitted2b <- predict(lmrc2b, list(w2a,w2b,w2aw2b,z1,z2,z3,z4,z5,z6,z7))

x.hat2a <- ifelse(known.x, x2a, x.fitted2a)

x.hat2b <- ifelse(known.x, x2b, x.fitted2b)

# calibrate on x1 and x2 scale, not x1x2 scale to preserve linear error structure

x.hat1ab <- x.hat1a * x.hat1b

x.hat2ab <- x.hat2a * x.hat2b

# regression calibration: OLS regression on corrected values, x.hat; SEs not valid (see below)

lmrc.final1 <- lm(y ~ x.hat1a + x.hat1b + x.hat1ab + z1+z2+z3+z4+z5+z6+z7)

lmrc.final2 <- lm(y ~ x.hat2a + x.hat2b + x.hat2ab + z1+z2+z3+z4+z5+z6+z7)

# regression calibration: same as above but uses corrected SEs (sandwich estimates)

lmfitter<-function(geno)

{

# create design matrix Xfit and drop individuals with NA values

dropitems<-is.na(geno[,1]) | is.na(geno[,2]) | is.na(geno[,3])

Z <-as.matrix(cbind(z1,z2,z3,z4,z5,z6,z7))

# add last column to Z for the intercept

Z <- cbind(Z, array(1, c(dim(Z)[1],1)))

Xfit <-as.matrix(cbind(geno,Z))

Xfit <-Xfit[!dropitems,]

y <-y[!dropitems]

p <-NCOL(Xfit)

n <-NROW(Xfit)

model <-lm.fit(Xfit, y)

beta <-coef(model)[1:3]

r <-resid(model)

# get sandwich estimates

# dim(model$qr$qr) = n x p = 760 x p

A <-chol2inv(model$qr$qr[1:p,1:p])
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ABA <-crossprod((Xfit*r)%*%A)

se <-sqrt(diag(ABA[1:3,1:3]))

# get p-value

pval <- 2*pnorm(-abs(beta)/se)

# return coefficient estimate, sandwich SE, and p-value

return(cbind(beta=beta, se=se, pval=pval))

}

# obtain 5 sandwich estimates: x,w1,w2,xh1,xh2

# returns c(beta, se, pval)

lm.xs <- lmfitter(cbind(x1a, x1b, x1ax1b))

lm.w1 <- lmfitter(cbind(w1a, w1b, w1aw1b))

lm.w2 <- lmfitter(cbind(w2a, w2b, w2aw2b))

lm.xh1 <- lmfitter(cbind(x.hat1a, x.hat1b, x.hat1ab))

lm.xh2 <- lmfitter(cbind(x.hat2a, x.hat2b, x.hat2ab))

# obtain bootstrap confidence intervals

# subfunction: repeat original analysis in ONE random resample (only saves the coeff estimate)

boot.rc <- function(n)

{

r <- sample(1:n,n, replace=T)

# r denotes the bootstrap resample (same resamples used for HM1+2 and 1000G)

# code below just repeats the original analysis for this resampled data

# HapMap 1+2

lmrc.r1a <- lm(x1a[r] ~ w1a[r]+ w1b[r]+w1aw1b[r] + z1[r]+z2[r]+z3[r]+z4[r]+z5[r]+z6[r]+z7[r],

subset=known.x[r])

lmrc.r1b <- lm(x1b[r] ~ w1a[r]+ w1b[r]+w1aw1b[r] + z1[r]+z2[r]+z3[r]+z4[r]+z5[r]+z6[r]+z7[r],

subset=known.x[r])

x.fitted.r1a <- predict(lmrc.r1a,

list(w1a[r],w1b[r],w1aw1b[r],z1[r],z2[r],z3[r],z4[r],z5[r],z6[r],z7[r]))

x.fitted.r1b <- predict(lmrc.r1b,

list(w1a[r],w1b[r],w1aw1b[r],z1[r],z2[r],z3[r],z4[r],z5[r],z6[r],z7[r]))

x.hat.r1a <- ifelse(known.x[r], x1a[r], x.fitted1a[r])

# used x.fitted1 values not x.fitted.r1 due to instability

x.hat.r1b <- ifelse(known.x[r], x1b[r], x.fitted1b[r])

x.hat.r1ab <- x.hat.r1a * x.hat.r1b

lmrc.final.r1 <- lm(y[r]~x.hat.r1a + x.hat.r1b + x.hat.r1ab

+ z1[r]+z2[r]+z3[r]+z4[r]+z5[r]+z6[r]+z7[r])
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# 1000 Genomes

lmrc.r2a <- lm(x2a[r] ~ w2a[r]+ w2b[r] + w2aw2b[r] + z1[r]+z2[r]+z3[r]+z4[r]+z5[r]+z6[r]+z7[r],

subset=known.x[r])

lmrc.r2b <- lm(x2b[r] ~ w2a[r]+ w2b[r] + w2aw2b[r] + z1[r]+z2[r]+z3[r]+z4[r]+z5[r]+z6[r]+z7[r],

subset=known.x[r])

x.fitted.r2a <- predict(lmrc.r2a,

list(w2a[r],w2b[r],w2aw2b[r],z1[r],z2[r],z3[r],z4[r],z5[r],z6[r],z7[r]))

x.fitted.r2b <- predict(lmrc.r2b,

list(w2a[r],w2b[r],w2aw2b[r],z1[r],z2[r],z3[r],z4[r],z5[r],z6[r],z7[r]))

x.hat.r2a <- ifelse(known.x[r], x2a[r], x.fitted2a[r])

# used x.fitted2 values not x.fitted.r2 due to instability

x.hat.r2b <- ifelse(known.x[r], x2b[r], x.fitted2b[r])

x.hat.r2ab <- x.hat.r2a * x.hat.r2b

lmrc.final.r2 <- lm(y[r]~x.hat.r2a + x.hat.r2b + x.hat.r2ab

+ z1[r]+z2[r]+z3[r]+z4[r]+z5[r]+z6[r]+z7[r])

# only saving coefficients for snpA, snpB, snpAB from each hm12 and 1kg

c(lmrc.final.r1$coefficients[2:4], lmrc.final.r2$coefficients[2:4])

}

# bootstrap confidence interval needs to allow for uncertainty in x.hat

# B = number of bootstrap resamples to take - length of r below

# call above boot.rc subfunction B times, then get means, sd, quantiles for coefficient estimates

boot.tab <- replicate(B, boot.rc(n))

tab <- t(apply(boot.tab, 1, function(s){c(mean(s),sqrt(var(s)), quantile(s,c(0.025,0.975)) )}))

# boot SEs = tab[1:6,2]

# boot CIs = tab[1:6,3:4]

# note the 5 sandwich models

# xa, w1a, xh1a, w2a, xh2a

beta1.hats <- c(lm.xs[1,1], lm.w1[1,1], lm.xh1[1,1], lm.w2[1,1], lm.xh2[1,1])

beta2.hats <- c(lm.xs[2,1], lm.w1[2,1], lm.xh1[2,1], lm.w2[2,1], lm.xh2[2,1])

beta12.hats <- c(lm.xs[3,1], lm.w1[3,1], lm.xh1[3,1], lm.w2[3,1], lm.xh2[3,1])

SEs1 <- c(lm.xs[1,2], lm.w1[1,2], lm.xh1[1,2], lm.w2[1,2], lm.xh2[1,2])

SEs2 <- c(lm.xs[2,2], lm.w1[2,2], lm.xh1[2,2], lm.w2[2,2], lm.xh2[2,2])

SEs12 <- c(lm.xs[3,2], lm.w1[3,2], lm.xh1[3,2], lm.w2[3,2], lm.xh2[3,2])

# 95% CIs

low1 <- beta1.hats - 1.96 * SEs1

upp1 <- beta1.hats + 1.96 * SEs1

low2 <- beta2.hats - 1.96 * SEs2

upp2 <- beta2.hats + 1.96 * SEs2
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low12 <- beta12.hats - 1.96 * SEs12

upp12 <- beta12.hats + 1.96 * SEs12

# sandwich pval

pval1 <- c(lm.xs[1,3], lm.w1[1,3], lm.xh1[1,3], lm.w2[1,3], lm.xh2[1,3])

pval2 <- c(lm.xs[2,3], lm.w1[2,3], lm.xh1[2,3], lm.w2[2,3], lm.xh2[2,3])

pval12 <- c(lm.xs[3,3], lm.w1[3,3], lm.xh1[3,3], lm.w2[3,3], lm.xh2[3,3])

rownames1 <- c("x_as","w_1as","hatx_1as","w_2as","hatx_2as")

rownames2 <- c("x_bs","w_1bs","hatx_1bs","w_2bs","hatx_2bs")

rownames12 <- c("x_abs","w_1abs","hatx_1abs","w_2abs","hatx_2abs")

# colnames <- c("Estimate", "Std. Error", "2.5%", "97.5%", "Pr(>|t|)")

Estimate <- beta1.hats

SE <- SEs1

low <- low1

upp <- upp1

pval <- pval1

table_4_4_a <- as.data.frame(round(cbind(Estimate, SE,low,upp,pval), dig=3), row.names=rownames1)

Estimate <- beta2.hats

SE <- SEs2

low <- low2

upp <- upp2

pval <- pval2

table_4_4_b <- as.data.frame(round(cbind(Estimate, SE,low,upp,pval), dig=3), row.names=rownames2)

Estimate <- beta12.hats

SE <- SEs12

low <- low12

upp <- upp12

pval <- pval12

table_4_4_ab <- as.data.frame(round(cbind(Estimate,SE,low,upp,pval),dig=3), row.names=rownames12)

# Returns 5-row block for each model, for each of main effect of SNP A, SNP B, and int AxB

table.4.4 <- as.data.frame(rbind(table_4_4_a,table_4_4_b,table_4_4_ab))

table.4.4

}


