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SUMMARY

Pharmacogenetics investigates the relationship between heritable genetic variation and
the variation in how individuals respond to drug therapies. Often, gene-drug interactions play a
primary role in this response, and identifying these effects can aid in the development of
individualized treatment regimes. Haplotypes can hold key information in understanding the
association between genetic variation and drug response. However, the standard approach for
haplotype-based association analysis does not directly address the research questions dictated by
individualized medicine. A complimentary post-hoc analysis is required, and this post-hoc
analysis is usually under powered after adjusting for multiplicity and may lead to seemingly
contradictory conclusions. In this work, we propose a penalized likelihood approach that is able
to overcome the drawbacks of the standard approach and yield the desired personalized output.
We demonstrate the utility of our method by applying it to the Scottish Randomized Trial in
Ovarian Cancer. We also conducted simulation studies and showed that the proposed penalized
method has comparable or more power than the standard approach and maintains low Type 1
error rates for both binary and quantitative drug responses. The largest power gains are seen
when haplotype frequency is low, the difference in effect size is small, or the true relationship

among the drugs is more complex.
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INTRODUCTION

Inter-individual variation in the efficacy and toxicity of drug therapies is common among
patients. Although the differences among patients could be the result of many factors,
pharmacogenetics focuses on the relationship between drug response and heritable genetic
variation. Two research goals are often paramount when conducting pharmacogenetic studies:
(1) For an individual, determine which drugs will perform ‘best/worst’ for them based on their
genetic make-up, and (2) for a particular drug, determine the class of individuals that it is
‘best/ill’ suited for based on their genetic make-up. Tailoring drug therapies based on genetics is
commonly referred to as individualized or personalized medicine. Similar to other genetic
disease association studies, where the trait of interest is disease phenotypes rather than drug
response, employing haplotype-based methods in pharmacogenetic studies is an attractive
approach. Haplotype-based association analysis evaluates the joint effects of closely linked
genetic markers on a trait of interest. When compared to its single-marker counterparts, this
multi-marker approach can be more powerful to detect associations when the causal variants are
not genotyped [de Bakker et al., 2005; Zaitlen et al., 2007], have low frequency [de Bakker et al.,
2005; Schaid, 2004], or exhibit cis-acting effects [Clark, 2004; Schaid, 2004]. Moreover, for
pharmacogenetics, haplotypes are expected to better capture many pharmacogenetic variants
[Goldstein et al., 2003]. Diplotype information (i.e. the haplotype pair of an individual) can more
precisely reflect the underlying genetic makeup of an individual for identifying suitable
personalized healthcare.

The standard approach for performing haplotype-based analysis is to regress the drug
response on the haplotypes, treatments, and their corresponding interactions and test the

significance of the regression parameters [Balding, 2006]. However, determining whether




individual coefficient estimates are significantly different from zero does not directly address the
research goals of individualized medicine. To establish which drugs have similar effects for a
particular individual, or conversely, which individuals react similarly to a particular drug, a large
number of pair-wise comparisons must be performed. Thus, the standard approach requires a
complementary post-hoc analysis in order to produce the personalized output sought after in
individualized medicine and pharmacogenetic research. However in practice, this post-hoc
analysis is usually under-powered after adjusting for multiplicity. Furthermore, the pair-wise
comparisons can yield contradictory conclusions about the effect structure. That is, when the
pair-wise comparisons are translated into a grouping structure on the effects, the groups overlap
rather than falling into distinct, interpretable subsets. These issues were encountered in an
analysis of the Scottish Randomized Trial in Ovarian Cancer (SCOTROC) data [McWhinney-
Glass et al., submitted]. The trial investigated the effects Qf two treatment regimes involving
taxane/platinum-based chemotherapy. In a preliminary analysis, McWhinney-Glass et al. found
that the gene BCL2 was significantly associated with an increased risk of experiencing severe
neurotoxicity. Focusing on this gene, the goal of our analysis was to investigate potential gene
and gene-treatment interactions. Specifically, we wanted to determine if individuals responded
differently to the assigned treatment based on their genetic make-up. Using the standard
haplotype-based approach of regression and subsequent pair-wise testing of the effect estimates,
we were able to detect significant differences after adjusting for multiplicity using the
Benjamini-Hochberg procedure. However, in each case, the groupings led to contradictory
conclusions about which genetic variants had similar effects for a given treatment. Such results

are difficult to interpret clinically and prevent the development of coherent personalized



treatments. For individualized medicine to be clinically relevant, these issues need to be
addressed and overcome.

In this work, we propose a penalized likelihood method that directly addresses the
pharmacogenetic research goals stated above. The method builds off the regression framework of
the standard haplotype-based approach, but is able to overcome the drawbacks of having to do a -
secondary post-hoc analysis and yields the desired personalized output directly. In the literature,
using penalized likelihood methods to identify important haplotypic effects has become
increasingly popular [Guo and Lin, 2009; Li et al., 2007; Li et al., 2010; Tzeng et al., 2010].
These methods introduce a penalty on the regression coefficients and shrink the coefficient
estimates of non-important covariates toward zero. Recently, modifications of classic penalized
methods have also been developed to perform haplotype-based analysis and attempt to address
issues specific to this type of analysis. For example, Tanck and colleagues [Souverein et al.,
2006, 2008; Tanck et al., 2003] use a modified version of Ridge regression [Hoerl and Kennard,
1970] to stabilize inference for rare haplotypes. Chen et al. [2009] develop an adaptive penalized
likelihood framework to address the precision-efficiency tradeoff encountered in haplotype-
based retrospective methods. Tzeng and Bondell [2010] modify the traditional adaptive least
absolute shrinkage and selection operator (LASSO) [Tibshirani, 1996; Zou, 2006] to allow for
effect comparisons between all pairs of distinct haplotypes, rather than with respect to an
arbitrary baseline haplotype, during the estimation process.

In our penalized likelihood method, we place an L;-penalty on all relevant pair-wise
comparisons, which are dictated by the research questions, so that the estimates of group means
with the same magnitude are collapsed to be equal. For example, if two drugs perform similarly

for an individual, we would like our method to collapse their means and produce estimates that



are equal to reflect this inter-relationship. In this way, our method simultaneously achieves the
effect estimation and pair-wise comparisons necessary to address the research questions stated
above, which eliminates the need to perform any post-hoc analysis. In addition, our method is
able to collapse the effects into an overall group structure without leading to any contradictory
conclusions. As a result, the proposed method directly produces the personalized output desired
when developing individualized treatments. Simulation studies show that the proposed penalized
method has comparable or more power than the standard approach and maintains low Type I
error rates for both binary and quantitative drug responses. The largest gain is seen when the
haplotype frequency is low, the difference in effect sizes are small, and more complex effect
structures are present. The utility and validity of the proposed method is further demonstrated
when used to analyze the SCOTROC data. Our penalized method was able to avoid the
contradictory results of the standard approach and provide findings that are not only significant,
but are also easily interpretable in a clinical setting. In the remaining sections of this paper, we
develop the proposed penalized method, describe the simulation study used to investigate its
performance, present and interpret results of the simulation study, provide the real-data
application of the method to SCOTROC data, and end with a discussion of the work’s major

findings and avenues for future extension.

METHODS

Let (Y;, G;, E;) represent the observed data for individual 7 in a sample of size n. Let ¥; be
the phenotype of individual i, while G; denotes the unphased genotype of individual i at m

biallelic SNPs and E; denotes any environmental covariates measured on individual i. Let H;



represent the vector of haplotype counts for individual i. Although researchers want to
investigate the relationship between Y; and H;, they only have access to G;; therefore, the
individual’s haplotype pair, or diplotype, must be inferred from their unphased genotypes.
Because the focus of this work is pharmacogenetic studies, the phenotype of interest is drug
response and the environmental covariates of primary interest are drug therapies.

The relationship between the drug response and the covariates can be characterized by
the conditional density function f(Y|H,E). The standard approach for haplotype-based
association analysis is regression, and generalized liner models (GLMs) provide a flexible and

robust framework for the analysis. Under GLMs, the density of Y is given by

Yn—»
f(Y|H,E) = eXp{_ﬂ_&?;)@l + c(Y, a)},

where a, b, and ¢ are known functions, o is a scale parameter, and 7 is the linear predictor.
GLMs assume that there exists a monotonic function g(+) that links the expected value of Y,

denoted by u = E(Y|H, E), to the linear predictor 1. That is,
n=gW=vo+B"Z(H)+8"E+y"Z(H) QE,

where y, represents a global intercept, £ is the vector of haplotype effects, § is the vector of drug
effects, y is the vector of haplotype-drug interaction effects, Z(H) is a vector-valued function of
the vector of haplotype counts, and Z(H) & E is the Kronecker product of the vectors Z(H) and

E, the vector of drug indicators. In this work, we assumed an additive model on the haplotype




main and interaction effects. This implies that the function Z(*) is the identity, and that the linear

predictor can be written in the following ANOV A-like representation

n=gW =vo+Bn+Pun+ 8 +Vnt+Vnj

where the sums Y, B, X;0;, XpVnj> and Xy, must be set to zero to account for the
overparameterization, h = 1,...,[, the number of distinct haplotypes, and j =1,...,d, the
number of drugs under study. The linear predictor above represents an individual with the
haplotypes h and h', or the diplotype hh’, who received drug j in the study. For quantitative
responses, the distribution of Y is typically assumed to be normal with the identity link to lead to
linear regression. For binary responses, the distribution of Y is typically assumed to be Bernoulli
with the logit link to lead to logistic regression.

Recall the two research goals stated earlier: (1) For an individual, determine which drugs
will perform ‘best/worst’ for them based on their genetic make-up and (2) For a particular drug,
determine the class of individuals that it is ‘best/ill’ suited for based on their genetic make-up. To
address the first goal, all pair-wise comparisons between drugs would need to be performed for
each distinct “genetic make-up”. In the haplotype setting, an individual is uniquely identified by
their diplotype. The appropriate hypothesis tests of drug differences for a diplotype hh' are thus
given by Ho: ppij — Nnnejr = 0 for j < j'. This hypothesis states that the means of drug j and ;'
do not differ for diplotype hh'. Substituting the linear expression of 7, the tests can be written in
terms of the regression parameters and are reduced to Hy: 8 + ¥nj + Yaij — iy — Vhjr — Yhujr =

0. Following the idea of the penalized approach to ANOVA [Bondell and Reich, 2009], the




proposed penalized method estimates the haplotype, drug, and interaction effects as (for brevity,

let (,0 = (VO: ﬂl 6' V)T)

@a = argming {—£n(9,&;Y,G,E) + ﬂz z Wi | 8; + Vhj + Yy = 0 = Ynje = Yhuji|
hhr j<jr

subject to Xp Br = Xj 6 = Xp¥nj = X;Vnj = 0, where €,(¢,&; Y, G, E) is the log-likelihood, &
is a (possible) set of nuisance parameters (e.g. haplotype frequencies), 4 is the non-negative
regularization parameter that controls the amount of shrinkage, and wyy,;, are data-dependent
weights. By placing an L;-norm penalty on each of the pair-wise comparisons, the penalized
method can set these differences in linear predictors to be exactly zero if the value of A is large
enough. It is this feature that allows the procedure to perform parameter estimation while
simultaneously considering the overall drug effect structure for each diplotype. The linear
predictors of drugs that perform similarly for a particular diplotype will be shrunk towards each
other. As a result, the proposed method will be able to collapse some linear predictors to exact
equality, and thus yield the overall drug effect structure for each diplotype directly, without
leading to any contradictory groupings, which is the desired personalized output.

The proposed method places a different penalty on each pair-wise comparison through
the use of adaptive weights that are inversely proportional to their effect size. Consequently,
linear predictors that are similar receive larger penalties on their pair-wise comparisons and are

more readily grouped together, while those with different effects remain separated. Zou [2006]

. . & ~ ~ ~ ~ -V PO
suggests setting the weights as wyy, ;;, = |6j + Vnj+ Vnij — 650 — Vnji — yh,j,l , where @ is an

initial root-n consistent estimator of ¢ and v > 0 is an additional tuning parameter. In our




analysis, we chose v = 1 and @ be the maximum likelihood estimate (MLE) of ¢ obtained from
haplo.glm in R [Lake et al., 2003]. It has been shown that these adaptive weights have desirable
asymptotic properties in this setting [Bondell and Reich, 2009]. The penalized solution (@, ) also
depends on the value of A. Many model selection criteria, such as Mallow’s C,, Akaike
information criterion (AIC), Bayesian information criterion (BIC), and cross validation [Shao,
1997, Hastie, Tibshirani, and Friedman, 2009; Arlot and Celisse, 2010], can be used to determine
the appropriate value of A from an exhaustive grid search. Because the goal of this analysis is
more aligned with selecting the true model structure than minimizing prediction error, we use

BIC for tuning which can achieve consistent model selection [Yang, 2005]. BIC is defined as

BIC = —2£,($3,&Y,G,E) + dfy - log(n)

where fn(@, £Y,GE ) is the log-likelihood evaluated at the estimated regression coefficients
and maximized over ¢ for a given A and dfj is the degrees of freedom based on @,. The quantity
df; is given by X, unique j{ﬁhh j}, which equals the number of unique estimated linear
predictors among all drugs within each homozygous diplotype. The A that minimizes BIC is
chosen as the regularization parameter, and its corresponding @, is the penalized estimate.

It should be noted that the data likelihood is a function of ¢ and not H. Haplotypes are
not directly observable and must be inferred from the genotype data during estimation. This
requires an iterative procedure, such as the EM Algorithm [e.g. Lake et al., 2003], to optimize
the likelihood. However, this can be computationally intensive when fitting the penalized method
as the optimization must be done at every grid point A. For computational convenience, the

objective function created via the least squares approximation (LSA) method was used to
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calculate the penalized solution. The LSA method replaces the objective function of the original
penalized problem with a least squares objective function [Wang and Leng, 2007]. The method is
motivated by a standard Taylor series expansion of —£,(¢,&) about (@,&), the function’s
unpenalized minimizer, and shows that the original penalized estimate has the exact same

asymptotic distribution as the estimator given by

@3 = argmin,, {(fp -~ @E - P)+ AZ Z Wi jjo|6; + Ynj + Vhej = 6 = Ynjr — Vh/j/l}
hhr j<jr

where £ is the estimated covariance matrix of @. Because the underlying data likelihood is not

quadratic in the regression coefficients, using the alternative least squares objective function
greatly reduces the computational costs for finding the penalized solution [Weng and Lang,
2007]. Using the LSA method eliminates the need for an iterative procedure to optimize the data
likelihood; it only requires one unpenalized fit of the original objective function and then a grid
search to determine A. The final estimate is again chosen by minimizing the BIC.

Employing similar logic, a penalty term can be developed to address the second research
goal. Because its aim is to determine which genetic variants behave similarly for a given drug, all
pair-wise comparisons among diplotypes for each drug need to be performed. The appropriate
hypothesis tests of diplotype differences for a drug j are given by Hy:Npnj — Niksj = 0 for
hh' < kk'. Substituting the linear expression of 7, the tests can be written in terms of the
regression parameters and are reduced to Hy: By, + Bus + Vnj + Vi — Bk — Brr — Vij = Yirj = 05

which results in a penalty term that is complementary to the one developed under the first

11



research goal. The penalty terms for the first and second research goals are given by,

respectively,

Pi(4, ) = Az z Whnji|8; + Yaj + Ynij = 8t — Yy — Yny| and
"R <)

Py(A,0) = ﬂz Z Winijjo|Br + B + Vg + Ynij = Bx — B = Yj — Virjl-
7 hh'<kks

In this way, the penalized method can be written succinctly as
@x = argminy{—£,(62,&Y,G,E) + 5:P1(4, @) + 522 (A, 9)}

subject t0 Yp Bn = Xj6; = XnVnj = Lj¥nj = 0, where s; and s, take on the value 0 or 1 to

indicate which penalty term should be used when fitting the model. Choosing the penalty term
depends on the research goal, which dictates the desired directionality of the effects collapsing.

Once this choice is made, fitting the penalized model proceeds in the manner described above.

SIMULATION STUDIES

We performed simulation studies to examine the performance of the proposed penalized
likelihood method. We compared the performance of our method against the standard approach

of regression followed by a post-hoc analysis to address the research goals described in the
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previous section. The standard regression analysis was performed using haplo.glm in R, the
haplotype-based method of Lake et al [2003]. Two post-hoc analysis procedures were considered
— the ‘unadjusted’ and the ‘FDR-adjusted’ methods. The ‘unadjusted’ method performs the pair-
wise testing without adjusting for multiple gomparisons. The ‘FDR-adjusted’ method uses the
Benjamini-Hochberg [1995] adjustment procedure to control the false discovery rate (FDR)
among the multiple comparisons. In our simulations, we controlled the FDR at 5%. We also
considered, but did not report the results of Bonferroni adjustment that controls the family-wise
error rate. The procedure was too conservative and its power was negligible when compared to

the others.

SIMULATION SETTINGS

Our simulation studies were based on a haplotype distribution (given in Table 3.1)
studied by Lin and Huang [2008]. The distribution is based on the common haplotypes formed
by five SNPs found on chromosome 18 in the CEU sample of the HapMap data. The distribution
was normalized so that the haplotype frequencies summed to 1. Using this haplotype
distribution, we considered two simulation studies — a quantitative drug response and a binary
drug response. We generated data under the context of the first research goal: determine which
drugs perform similarly for a given diplotype (i.e. individual). We considered S drugs, and the 5
haplotypes from the frequency distribution leads to 15 possible diplotypes and a table of 75
possible linear predictors. To investigate the performance of the three methods, we varied the
drug effect structure among the diplotypes (given in Table 3.2). Specifically, we considered three
increasingly complex drug effect structures — Null, One Best Drug (1BD) and Two Best Drugs

(2BD). Under the Null structure, all drugs perform the same with respect to each other; the only
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diplotype assigned to this structure is H5HS. Under the 1BD structure, there is éne drug that
outperforms the other four drugs, meaning it has a higher or lower linear predictor than the
others. The effect size difference of the ‘best’ drug is denoted by 8 in Table 3.2. Examples of
diplotypes assigned to this drug structure are HIH1 and HI1HS. It is important to note that the
magnitude of the effects for HIH1 is twice that of HIHS, a byproduct of the assumed additive
haplotype-interaction model and the null structure placed on HSHS. As result, there are two 1BD
drug structures, referred to as 1BD Full and 1BD Half respectively, which allowed us to examine
the effect of effect magnitude as well as the effect of the drug structure on the performance of the
methods. Under the 2BD structure, there are two drugs that outperform the other three drugs, but
are equivalent to each other; an example of a diplotype assigned to this structure is HIH2. We set
the values of n and 6 so that the power of identifying the effect structures fell within a
reasonable range. For the quantitative response simulation, we set n = 500 and 6 = {1.5,2.0}.
For the binary response simulation, we set n = 750 and 6 = {2.0, 2.5}. We assumed a balanced

design among the different drugs; that is, the same number of individuals assigned to each drug.

COMPUTATIONAL DETAILS

We generated the data prospectively by first randomly selecting n diplotypes from the
two trial multinomial distribution parameterized by the haplotype frequencies given in Table 3.1.
Each diplotype was then randomly paired with a drug using a balanced design. Table 3.3 gives
the specific values of the regression coefficients (¢ = (¥,8,5,7)") used to induce the drug
effect design given in Table 3.2 and uses HS as the baseline haplotype and Drug5 as the baseline
drug. Given Table 3.3, a quantitative drug response was generated under é normal distribution

with a mean of ¢TX, where X = (H,E,H @ E)”, and a standard deviation of g, = 1. A binary
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drug response was generated under a Bernoulli distribution with p =P(Y = 1|X) =
logit=(@TX).

For each simulation setting, 500 replicate data sets were generated. For each data set,
analysis began by calculating the unpenalized MLEs of the regression coefficients (@) and their
estimated covariance matrix (¥) using haplo.glm in R. To determine which drugs perform
similarly (i.e. which pairs of drugs should be grouped together or not) for each diplotype, the

tests Ho: Mpnij — Nanejr = 85 + VYauj + Yiij — 8 — Yrjr — Yrejr = 0 need to be performed for

j < Jj" and for all diplotypes hh'. This leads to (d) . [l + (l)] tests, where (d

5 5 2) is the number of

l

2)] is the number of possible diplotypes

pair-wise comparisons between d drugs and [l +(

created from [ haplotypes. In our simulation studies, there are 10 pair-wise comparisons between
the 5 drugs and 15 diplotypes that can be created from the 5 haplotypes, leading to 150 total
tests. For the unadjusted and the FDR-adjusted methods, the unpenalized MLEs and their
covariance matrix were used directly to perform the tests using the asymptotic normal
distribution of Npp,; — Nk, described by Lake et al. [2003]. For the penalized method, the final
penalized estimates of the regression coefficients (@) were computed using the unpenalized
MLEs and their covariance matrix in the penalized likelihood with s; = 1 and s, = 0. Tuning
was achieved by minimizing BIC. The significance of a test was then determined by computing
all 75 linear predictors using the penalized estimate and checking which estimated predictors
were identical within each diplotype. If the estimated linear predictors are identical for two drugs
for a particular diplotype, then the null hypothesis for that pair of drugs would fail to be rejected,
. and we would conclude that those drugs perform similarly for that particular diplotype. The

converse is true if the estimated linear predictors are not identical, and we would conclude that
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those drugs performed differently for that particular diplotype. Based on the testing results,
power measures were calculated over the 500 simulated runs to compare the performance of the

three methods.

SIMULATION RESULTS

We present power results, true negative rates (for diplotype HSHS) and true positive rates
(for all other diplotypes), in Figures 3.1 — 3.3. Each figure contains the results of the quantitative
and binary simulations (across columns) at both levels of the effect difference 8 (down rows).
Because the power of each method decreased (increased) as diplotype frequency decreased
(increased), for brevity, we only present the results for 7 diplotypes, which represent the other
diplotypes with similar frequencies. The selected diplotypes are listed on the x-axis of each
figure. For each drug effect structure, we selected a representative ‘low’ and ‘high’ frequency
diplotype. What was considered a ‘low’ versus ‘high’ frequency diplotype was relative to the
drug structure and is depicted in each figure as unshaded (low) versus shaded (high) point
character. To cbmpare the performance of the three procedures, we calculated the power to
correctly identify the complete drug effect structure for a given diplotype, referred to as correct
structure power and the p-ower to identify just the best drug(s) for a given diplotype, referred to
as best drug power. In each figure, the solid line with the squafe point characters represents our
penalized likelihood method. The unadjusted method is represented by the dotted line with the
triangle point characters, and the FDR-adjusted method is represented by the dashed line with the

circle point characters.
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CORRECT STRUCTURE POWER

Figure 3.1 presents the correct structure power (CSP) results, which is the proportion of
runs a method was able to correctly identify the inter-relationship amoﬁg all drugs for a given
diplotype. For all three methods, the CSP is lower for the binary drug response than the
quantitative drug response (except in the Null drug structure), but the relative patterns among the
different methods are similar across the two simulation studies. Under the Null drug structure
(diplotype H5HS5), the unadjusted method yields a low true negative rate, while the penalized and
FDR-adjusted methods yield similar true negative rates. A low true negative rate translates into a
high overall Type I error rate, where the Type I error rate for the unadjusted method ranges from
0.27 to 0.30 versus 0.02 to 0.08 and 0.02 and 0.14 for the penalized and FDR-adjusted methods,
respectively. For the remaining diplotypes in Figure 3.1, the unadjusted method performs
comparably or better than the penalized method (i.e. dotted line is about the same level or higher
than the solid line). However, this gain in power comes at the expense of having a much higher
Type 1 error rate than the penalizéd method and, hence, is not really comparable. On the other
hand, the FDR-adjusted method maintains a similar Type I error rate as the penalized method,
but its performance suffers as a result (i.e. the dashed line is about the same level or lowér than
the solid line). From these findings, it’s apparent that the standard approaches must compromise
between identifying true negatives and true positives, and the penalized method finds a better
balance between identifying these true signals. As a result, the penalized method can uncover the
underlying drug effect structure more accurately for a given diplotype. As expected, as the
difference in effect size increases (i.e. power in top row of Figure 3.1 < power in bottom row of
Figure 3.1) or as the diplotype frequency increases (i.e. unshaded power < shaded power) or as

the effect magnitude increases (i.e. 1BD Half power < 1BD Full power), the CSP increases.
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Thus, the power of a method to identify the correct drug structure for a particular diplotype
depends on the underlying diplotype frequency, the effect size, and the complexity of the drug
structure. The largest gain in performance of the penalized method occurs when the diplotype

frequency is low, the effect size small, or the effect structure is more complex.

BEST DRUG POWER - ONE BEST DRUG STRUCTURE

Figure 3.2 presents the best drug power (BDP) for the 1BD structure. Under this
structure, we defined BDP as the proportion of runs a method was able to identify the single best
drug as significantly better than all other drugs for a given diplotype. This power definition is
less strict than the definition of correct structure power. A method only has to correctly evaluate
4 pair-wise tests among the drugs rather than all 10 for a given diplotype; the relationship
between the non-best drugs is ignored. As a result, the BDP is higher than the CSP for a given
diplotype with the 1BD structure across all simulation scenarios (i.e. power in Figure 3.1 <
power in Figure 3.2). When comparing the BDP between the different methods, the power
results in Figure 3.2 mirror those in Figure 3.1. Again, as the diplotype frequency increases (i.e.
unshaded power < shaded power) or as the effect magnitude increases (i.e. 1BD Half power <
1BD Full power), the BDP increases. The BDP of the penalized method is comparable to or
better than the BDP of the unadjusted and FDR-adjusted methods (i.e. solid line is about the
same level or higher than the dotted or dashed lines). The penalized method’s power gain over
the two standard methods is more pronounced for BDP than for CSP (i.e. solid line — dotted
(dashed) line in Figure 3.1 < solid line — dotted (dashed) line in Figure 3.2). This gain diminishes
as diplotype frequency increases. These results again suggest that the penalized method

outperforms the standard approaches and can more accurately determine which drug is the best
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for a given diplotype among a group of treatments, even if the complete drug structure was not

identified.

BEST DRUG POWER ~ TWO BEST DRUGS STRUCTURE

Figure 3.3 presents the best drug powers (BDPs) for the 2BD structure. Under the 2BD
structure, we defined two separate BDPs. The first is the proportion of runs a method was able to
find the two best drugs as significantly better than all other drugs; this is referred to as Both
Found BDP. Because this power definition ignbres the relationship between the two best drugs,
we also defined a second BDP for this drug structure, which is the proportion of runs a method
was able to find the two best drugs as significantly better than all other drugs and equivalent to
each other; this is referred to as Both & Exact BDP. These power definitions are less strict than
the definition of CSP, but not as liberal as the BDP definition for 1BD drug structure. A method
has to correctly evaluate 6 or 7 pair-wise tests, for the Both Found .and the Both & Exact BDPs
respectively, among the drugs rather than all 10 for a given diplotype; the relationship between
the non-best drugs is ignored. As a result, the BDPs are higher than the CSP for a given
diplotype with the 2BD structure across all simulation scenarios (i.e. power in Figure 3.1 <
power in Figure 3.3). As expected, the Both BDP is less than the Both & Exact BDP for a given
diplotype (i.e; unshaded (shaded) Both power < unshaded (shaded) Both & Exact power). For
both BDPs, as the diplotype frequency increases, the power increases (i.e. unshaded power <
shaded power for Both Found (Both & Exact)). When comparing the BDPs between the different
methods, the penalized method has uniformly higher BDPs (i.e. solid line above the dotted and
dashed lines). These results again suggest that the penalized method outperforms the standard
approaches and can more accurately determine which drugs are the best for a given diplotype

among a group of treatments, even if the complete drug structure was not identified.
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ANALYSIS OF SCOTROC DATA

The penalized method proposed in this work was applied to the pharmacogenetic data
from the Scottish Randomized Trial in Ovarian Cancer (SCOTROC) [McWhinney-Glass et al.,
submitted]. The trial investigated the effects of two treatment regimes involving taxane/platinum-
based chemotherapy: Treatment A refers to docetaxel-carboplatin and Treatment B refers to
paclitaxel-carboplatin. In a preliminary analysis, McWhinney-Glass et al. found that the gene
BCL?2 was significantly associated with an increased risk of experiencing severe neurotoxicity.
Focusing on this gene, the goal of our analysis was to investigate potential gene and gene-
treatment interactions. Specifically, we wanted to determine if individuals responded differently
to the treatment they received based on their genetic make-up. In other words, will an individual
have a higher or lower risk of experiencing severe neurotoxicity based on their diplotype when
given a particular chemotherapy treatment? In practice, the post-hoc analysis required by the
standard approach to address pharmacogenetic research goals is usually under powered after
adjusting for multiplicity. Furthermore, the pair-wise comparisons can yield contradictory
conclusions about the overall effect structure by producing overlapping groups that are hard to
interpret clinically. These issues were encountered in our analysis of the SCOTROC data (see
Figure 3.4 and Table 3.6).

In addition to collecting information on treatment outcomes and toxicities during the trial,
each patient was genotyped at 1536 SNPs chosen from three categories of candidate genes —
nerve related genes, inherited peripheral neuropathy genes, and drug related genes. Patients that
had less 90% complete genotype information where excluded from the analysis. In addition, any
patient with missing phenotype information was also excluded, resulting in a final sample size of

808 patients. SNPs that demonstrated significant deviations from HWE or were missing for more
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than 10% of the patients were removed from the analysis, resulting in 1303 SNPs under
consideration. We focused our analysis on the 105 SNPs genotyped within the BCL2 gene. A
sliding window analysis was used to investigate the existence of diplotype-treatment interactions.
For each window, the resulting data was analyzed using the three procedures discussed in the
Simulation Study section — the penalized method, the unadjusted method, and the FDR-adjusted
method. All methods were performed assuming an additive haplotype-interaction model. For
each method, all pair-wise comparisons between diplotypes were ’performed within each
treatment. That is, all tests of the form Hy:Nppij — Nkkrj = Br + Bri + Yrj + Yy — B — Brr —
Ykj — Yiij = 0 were tested for all diplotypes hh' < kk’ and for both treatments j. For the
unadjusted and FDR-adjusted methods, the testing occurs after the regression parameters have
been estimated. For the penalized method, the estimation and testing occur simultaneously and
the penalized likelihood is fit using s; = 0 and s, = 1. The sliding window analysis was
performed using a window of size 6 SNPs, which resulted in 100 adjacent windows within the
BCL2 gene. Note that although the FDR-adjusted method adjusts for multiple testing within a
particular window, it does not adjust for the multiplicity that results from the sliding window
analysis. Hence, the error rate is not controlled overall.

Figure 3.4 presents the results of the sliding window analysis of the gene BCL2 for all
three methods. In each plot, the findings are broken down into three categories: (1) method found
no significant differences between the diplotypes in either treatment (denoted by “No SDs” on
the y-axis); (2) method found significant differences between the diplotypes within at least one
of the treatments (denoted by “SDs” on the y-axis); and (3) method found significant differences
between the diplotypes within at least one of the treatments and the diplotype groupings did not

contradict each other (denoted by “SDs & No CGs” on the y-axis). The crosses (+) indicate the
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findings of the penalized method for each window, the triangles (A) indicate the findings of the
unadjusted method, and the circles (0) indicate the findings for the FDR-adjusted method. The
findings of the penalized method are compared to the unadjusted method in Figure 3.4a and the
FDR-adjusted method iﬁ Figure 3.4b.

The standard methods are able to detect significant differences between diplotypes within
a treatment (i.e. string of triangles (circles) at the “SDs” position in Figure 3.4a (3.4b)).
However, in each case, the groupings led to contradictory conclusions about which diplotypes
had similar effects for a given treatment (i.e. lack of triangles (circles) at the “SDs & ‘No CGs”
position in Figure 3.4a (3.4b)). Such results are difficult to interpret clinically. For example, both
standard methods found that diplotypes HIH1 and H2H2 did not differ in their effects under
Treatment A for Window 73 in the BCL2 gene (i.e. the pair-wise test between these diplotypes
was non-significant, indicated by - at the intersection of the HIH1 row (column) and H2H2
column (row) in Table 3.6). In addition, both standard methods found that diplotypes H2H2 and
H4H4 had different effects under Treatment A (i.e. the pair-wise test between these diplotypes
was significant, indicated by A for the unadjusted method and o FDR-adjusted method at the
intersection of the H2H2 row (column) and H4H4 column (row) in Table 3.6). From this it
should follow that H1H1 and H4H4 have different effects under Treatment A, but instead both
standard methods find that the diplotypes do not have significantly different effects (i.e. there is
- at the intersection of the HIH1 row (column) and H4H4 column (row) in Table 3.6). The
contradictory groﬁping of diplotype effects could result from the significant test of H2H2 vs.
H4H4 being a false positive or the non-significant tests of HIH1 vs. H2H2 or H1H1 vs. H4H4
being false negatives. Either way, clinicians are left wondering how to interpret the contradictory

groupings. For example, consider grouping only the homozygous diplotypes under Treatment A.
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Based on the output of the standard approaches, two group structures would emerge: Group A =
{H1H1, H2H2, H3H3} and Group B = {H1H1, H3H3, H4H4}. How should clinicians interpret
the overlapping group structures when trying to determine which diplotypes incur a higher risk
of severe neurotoxicity? From the significant test of H2H2 vs. H4H4, they can infer that patients
with the diplotype H2H2 will incur a higher risk of severe neurotoxicity than patients with the
diplotype H4H4 because its estimated odds are larger (1.155 vs. 0.314, respectively). But what
about patients with diplotypes HIH1 and H3H3 - should clinicians considered these patients to
have elevated risk because they are in Group A or not because they are in Group B? In this
context, overlapping group structures prevent the development of coherent personalized
treatments. For individualized medicine to be clinically relevant, these issues need to be
resolved.

The penalized method is able to overcome these hurdles by combining the estimation and
testing into a single procedure (i.e. the presence of plus marks at the “SDs & No CGs” position
in Figure 3.4). Although the penalized method found significant differences in six windows (8,
31, 72, 73, 74, and 100), specific results are only presented for Window 73 because the method
found significant differences for a string of adjacent windows surrounding Window 73 (see
Figure 3.4). Table 3.4 lists the SNPs corresponding to this window and the resulting haplotypes;
Tables 3.5 and 3.6 present the specific results of the penalized, unadjusted, and FDR-adjusted
analyses for this window. The penalized method found three distinct groupings of diplotypes
under Treatment A, while no significant differences were found among the diplotypes under
Treatment B (i.e. three unique values for the estimated odds under Treatment A and only one
under Treatment B in Table 3.5). It appears that H2 may be the causal haplotype, or at least in

linkage disequilibrium (LD) with the causal variant. With each additional copy of H2, the risk of
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a patient undergoing Treatment A experiencing severe neurotoxicity increases. Thus, patients
with no copies of H2 have the lowest risk, with one copy have an elevated risk, and with two
copies have the highest risk of experiencing the adverse outcome. The standard approaches
detected very few of the same significant differences found by the penalized method (see Table
3.6). Neither approach was able to separate out all diplotypes involving H2, or even separate out
the homozygous diplotype H2H2 from all other diplotypes not involving H2. This leads to
contradictory groupings of the diplotypes, like the one described above, and making the output of
the standard approaches hard to interpret clinically. This will never occur when using the
penalized method. Again consider grouping only the homozygous diplotypes under Treatment A.
Unlike the oveﬂapping group structure formed by the standard approaches, two distinct groups
emerge when using the penalized method: Group A = {H2H2} and Group B = {H1H1, H3H3,
H4H4}. From these results, it is clear that patients with diplotype H2H2 incur a different, in this
case elevated, risk of experiencing severe neurotoxicity than patients with the other homozygous
diplotypes. This suggests that haplotype H2, and perhaps other variants in LD with it, should be
investigated further. Because it automatically yields non-overlapping group structures, output
from the penalized method (Table 3.5) is easily interpretable and can be used directly in the

development and implementation of individualized medicine.

DISCUSSION

Through the use of genetic personalization, pharmacogenetics aims to reduce variation in
how individuals respond to drug therapies. By investigating genetic variants, and how they
interact with each other and treatments, pharmacogenetics can uncover predispositions to adverse

drug reactions or determine which among several alternative drugs is most effective for an

24




individual based on their genetic make-up. Haplotype-based association methods provide an
attractive and flexible approach for addressing these research goals which require a complete
understanding of the effect structure underlying the genetic variants. Many methods are available
for investigating haplotypic effects, but most require a complementary post-hoc analysis to test
the significance of pair-wise effect comparisons in order to appropriately address these research
goals. As a result, these methods are typically under powered after adjusting for multiplicity and
often lead to contradictory conclusions about the effect structure.

In this work, we introduce a penalized likelihood approach that is powerful and that can
effectively address research goals pertinent in pharmacogenetics. Our method places an L;-
penalty on all pair-wise effect comparisons dictated by the research goals. By combining effect
estimation and testing into a single procedure, the penalized method can bypass the issues
associated with multiple testing. As a result, our penalized method directly produces
personalized output that is easily interpretable and cliﬁically relevant. When compared with
standard haplotype-based approaches, the penalized method finds a better balance between
identifying true negatives and true positives. Thus, the penalized method has comparable or more
power, while maintaining reasonable Type I error rates, to identify the underlying effect structure
for a particular drug or genetic variant. The largest gain in performance for the penalized method
occurs when the diplotype frequency is low, the effect size small, or the effect structure is more
complex.

In addition, the penalized method can be used to decipher the global signals from gene-
based association studies of genetic variants that may influence drug response. Because gene-
based methods consider all variants within a gene jointly, they are considered to be a promising

tool for pharmacogenetic research. Drug response is believed to be influenced by both regulatory
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and structural polymorphisms within in the gene and by a wide range of gene products
[Goldstein et al., 2003]. Marker-based methods might miss these signals; however, because
gene-based methods aggregate information across all variants within a gene, they can better
capture these effects. The compromise is that gene-based methods assign a single p-value to all
variants within a gene. Our penalized method can be used to characterize which variants may be
responsible for the signal.

We investigated the performance of the penalized method under a prospective design, but
the framework can easily be extended to consider a retrospective design. Using a prospective
likelihood when a retrospective likelihood is dictated by the sampling scheme can be detrimental
when performing haplotype-based association analyses [Koeiller et al., 2010]. The penalized
retrospective likelihood can be optimized directly through the use of an iterative procedure;
however, we suggest taking advantage of the least square approximation to alleviate the
computational burden. This approach requires an initial optimization of the unpenalized method
to obtain effect estimates and their estimated covariance matrix; one example of freely available
software for obtaining retrospective estimates is HAPSTAT [Lin et al., 2005]. Although this
work focused on investigating gene-drug interactions, the penalized approach can also be used
investigate gene-gene interactions by considering the diplotypes of another gene in place of the
drug therapies. The penalized method can also be extended to simultaneously collapse effects
across both factors being studied (i.e. taking s; = 1 and s, = 1) so that the personalized output

can be compared across rows and down columns, rather than in one direction only.
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Table 3.1: Haplotype frequency dsitribution used in simulations

TABLES AND FIGURES

Hap ID Haplotype Frequency
HI 00001 0.225
H2 01111 0.149
H3 10000 0.139
H4 10001 0.058
H5 00000 0.429

Table 3.2: Drug effect structure for the linear predictors (by diplotype) used in simulations*

Drugl Drug2 Drug3 Drug4 Drugs Diplo Freq
H1H1 c+0 c c c ¢ 0.051
H1H2 c+6/2 c+8/2 c c ¢ 0.067
HI1H3 c+86/2 c c+6/2 c c 0.063
H1H4 c+6/2 c c c+86/2 c 0.026
H1HS c/2+86/2 c/2 c/2 c/2 c/2 0.193
H2H2 c c+8 c c c 0.022
H2H3 c c+8/2 c+6/2 c ¢ 0.042
H2H4 c c+6/2 c c+6/2 c 0.017
H2HS c/2 c/24+8/2 c/2 c/2 c/2 0.128
H3H3 c c c+0 c c 0.019
H3H4 ¢ c c+6/2 c+8/2 c 0.016
H3H5 c/2 c/2 c/2+6/2 c/2 c/2 0.119
H4H4 c c c c+6 c 0.003
H4HS c/2 c/2 c/2 c/2+86/2 c/2 0.050
H5HS Yo Yo Yo Yo Yo 0.184

* We set @ = {1.5,2.0} and ¢ = 1 + y, for the quantitative simulations with n = 500, and 6 = {2.0,2.5}
and ¢ = 0.4 + ¥, for the binary simulations with n = 750.

27



Table 3.3: Specific values of the regression parameters (@) used to induce the effect structure of Table 3.2.

Quantitative Binary
Simulation Simulation
Effect Parameter 6=1.5 6=20 6=2.0 0=25
Intercept Yo 0 0 -0.6 -0.6
H1 B4 0.5 0.5 0.2 0.2
H2 B2 0.5 0.5 0.2 0.2
H3 B3 0.5 0.5 0.2 0.2
H4 Ba 0.5 0.5 0.2 0.2
Drugl o 0 0 0 0
Drug?2 0, 0 0 0 0
Drug3 03 0 0 0 0
Drug4 54 0 0 0 0
H1*Drugl Y11 0.75 1 1 1.25
H2*Drugl Vo1 0 0 0 0
H3*Drugl Y31 0 0 0 0
H4*Drugl Va1 0 0 0 0
H1*Drug2 Y12 0 0 0 0
H2*Drug?2 Va2 0.75 1 1 1.25
H3*Drug?2 Y32 0 0 0 0
H4*Drug2 Va2 0 0 0 0
H1*Drug3 Y13 0 0 0 0
H2*Drug3 Va3 0 0 0 0
H3*Drug3 Va3 0.75 1 1 1.25
H4*Drug3 Va3 0 0 0 0
H1*Drug4 Yia 0 0 0 0
H2*Drug4 Vaa 0 0 0 0
H3*Drug4 Y34 0 0 0 0
H4*Drug4 Vas 0.75 1 1 1.25

Table 3.4: Haplotypes and corresponding SNPs found in Window 73 in BCL2 gene

SNP1 SNP2 SNP3 SNP4 SNPS SNP6

SNP ID RS4987821  RS4987825 RS4987828  RS4987835 RS4987839  RS4987844 Hap Freq

o 5 5 0 ] 1 0 0.098
H2 0 0 1 0 0 0 0.270
0 , 1 0 0 0 0 0.073
H4 0 0 0 0 0 0 0.558

Mir::]rllel\l/‘lsajor NG AIC A/G G/A G/A A/A
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Table 3.5: Results of penalized analysis for Window 73 in BCL2 gene*

Treatment A Treatment B
H2H2 0.970 0.139
H1H2 0.589 0.139
H2H3 0.589 0.139
H2H4 0.589 0.139
HI1H1 0.357 0.139
H1H3 0.357 0.139
H1H4 0.357 0.139
H3H3 0.357 0.139
H3H4 0.357 0.139
H4H4 0.357 0.139
dar 3 1

* Values given are the estimated odds of each cell

Table 3.6: Pair-wise testing results of Unadjusted and FDR-Adjusted analyses for Window 73 in BCL2
gene under Treatment A*

HIH HIH H1IH HIH H2H H2H H2H H3H H3H H4H
1 2 3 4 2 3 4 3 4 4

H1H
1
HiH
2
H1H
3
H1H
4
H2H
2
H2H
3
H2H
4
H3H
3
H3H
4
H4H
4

- - - - Ao - Ao - = -

* For a pair of diplotypes, - indicates the test was non-significant, A indicates the test was significant at a = 0.05
when using the Unadjusted method, and o indicates the test was significant at at « = 0.05 when using the FDR-
adjusted method.
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