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Abstract

A statistical method for parametric density estimation based upon a mixture-of-genotypes
model is developed for the thermostable phenol sulfotransferase (SULT1A1) activity which has
a putative role in modifying risk for colon and prostate cancer/polyps. EM algorithm for
the general mixture model is modified to accommodate the genetic constraints and is used
to estimate allele and genotype frequencies from the distribution of the SULT1A1 phenotype.
Parametric bootstrap likelihood ratio test is considered as a testing method for the number of
mixing components. The size and power of the test is then investigated and compared with
the conventional chi-squared test. The relative risk associated with genotypes defined by this
model is also investigated through the generalized linear model. This analysis revealed that a
genotype with the highest mean value of SULT1A1 activity has greater impact on cancer risk
than others. This result suggests that the phenotype with a higher SULT1A1 activity might be
important in studying the association between the cancer risk and SULT1A1 activity.
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1 Introduction

Thermostable phenol sulfotransferase (SULT1A1) plays a role in the metabolism of heterocyclic
amines (Kaderlik and Kadlubar, 1995). Because of this role, genetic variants of SULT1A1 po-
tentially modify the risk of colon cancer or colon polyps that has been associated with dietary
exposures to heterocyclic amines, e.g., overcooked meats. Frame et al. (2000) developed an assay
for SULT1A1 and measured SULT1A1 activity phenotype of subjects in a case-control study of
colon cancer.

SULT1A1 activity toward 2-naphthol was assessed using platelets collected in blood samples
from Arkansas populations (frame et al., 2000). The case-control study was designed to match
controls to sex, age and race of cases. Subjects with lower values than the cut-off are labeled
‘slow phenotype’, and those with higher values than the cut-off are labeled ‘fast phenotype’. The
cut-off is selected by a graphical procedure (Jackson, Tucker and Woods, 1989). The data contains
121 controlled subjects and 46 colon cancer cases with ages (ranged from 20 to 86), sex, and race

(White, Black and Asian). A part of the data are given in Table 1.
(Table 1 here)

Figure 1 displays the histogram and kernel density estimate of SULT1A1 activities for the
colon cancer case and control. This figure illustrates that the data can be described by three to
four prominent components. The probability distribution of SULT1A1 activities in a population is
naturally expressed as the mixture of activities associated with each genotype.

The mixture model is formulated by Elston and Stewart (1971) and extended by Morton and
MacLean (1974) and Boyle and Elston (1979). This approach has become a useful tool with wide
applicability in the field of genetic epidemiology. EM algorithm is a general approach to maximum
likelihood estimation for a mixture distribution (Morton and MacLean, 1974; Dempster, Laird
and Rubin, 1977; McLachlan and Basford, 1988). Under fairly mild regularity conditions, EM
can be shown to converge to a local maximum of the observed data likelihood. Although these
conditions do not always hold in practice and the convergence of EM iteration is very slow when
the components are not well separated, EM algorithm has been widely used for maximum likelihood

estimation for mixture models with good results.
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An important question in applying a mixture model is the determination of the number of
components. One easy way is to use the likelihood ratio test statistic. It is known that under
regularity conditions, this statistic asymptotically follows a chi-squared distribution with degrees
of freedom equal to the difference between the number of parameters under the null and alternative
hypotheses (Cox and Hinkley, 1974). However, regularity conditions do not hold with the mixture
models, since the mixing proportions lie on the boundary of the parameter space under the null
hypothesis (Wolfe, 1970; Binder, 1978). Goffinet, Loisel and Laurent (1992) found the exact limiting
distribution in several problems, but the weight parameters were assumed to be known under the
alternative hypothesis. In general, however, there is little known beyond the fact that the standard
theory does not apply (Bohning, 1998, p86).

One successful approach to approximate the null distribution of tests on parameters in the
mixture approach is the parametric bootstrap. Aitkin, Anderson and Hinde (1981) assessed the
null distribution of the likelihood ratio test statistic using a resampling method which is a particular
application of the general bootstrap approach (Efron, 1979, 1982). McLachlan (1987) developed
a bootstrap method for assessing the null distribution of the log likelihood ratio test statistic for
the test of a single normal density versus a mixture of two normal densities in the univariate case.
Soromenho (1994) compared the performance of five different approaches for testing the number of
components in a finite mixture model. He concluded that the bootstrap approach and a procedure
based on a stochastic EM procedure yield higher percentages of correct identification of the true
model and achieve higher empirical power (Lo, Mendell and Rubin, 2001). We extend the method of
McLachlan (1987) to a mixture with more than two components for an application to the SULT1A1
data in this paper. We investigate this method for determining the number of components. Further,
a simulation study for size and power evaluation of the parametric bootstrap likelihood ratio test
(LRT) is conducted for the SULT1A1 activities in colon cancer case-control study.

The estimation of the relative risk associated with each genotype in the case-control study can
be carried out with the standard logistic regression when the genotype of each subject were known.
In our data, a genotype of each subject is not known and therefore inferred from a phenotype
measurement through a mixture-of-genotypes model, so it is not clear how to assess the cancer
risk. A promising approach to estimating the cancer risk of putative genotypes is to replace an

indicator vector for these genotypes in a standard logistic regression model with an expectation for
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this vector given the observed phenotype (Delongchamp, 1993). We apply this method to estimate
the cancer risk in this SULT1A1 study.

The main purpose of this paper is to characterize the distribution of SULT1A1 activities in
population and to assess the cancer risk associated with these estimated genotypes in the colon
cancer case-control study. Proposed methods are also applied to the recently obtained data set
which contains SULT1A1 activities (phenotypes) in the prostate cancer case and control subjects.
SULT1A1 has been implicated in numerous detoxification and bioactivation pathways. However,
little is known regarding its endogenous function or its putative role in mediating risk for human
environmental disease (Frame et al., 2000). Our method for phenotyping SULT1A1 activities may

help researchers assess a role for this enzyme in disease susceptibility.

2 Material and Methods

2.1 The mixture-of-genotypes model

Suppose that the probability distribution of a given phenotype can be expressed as a mixture of
distributions associated with each genotype. If there are K genotypes having relative frequencies,
Ti,...,TK, and fi(y;) denotes the probability density which results through the expression of a

genotype k with parameter 6. Then the likelihood for a mixture model with K-component is

n K
11> mfr(ilbr).

i=1k=1

Since allele frequencies in the studied population determine the mixing proportions, the likelihood
is decomposed into that of homozygous and heterozygous subjects using allele frequencies instead
of genotype frequencies. Suppose that there are a alleles having relative frequencies 71, ..., 74, and
that g;;(x) denotes the probability density for SULT1A1 activity that results through the expression
of a genotype composed of alleles ¢ and j. If random segregation of alleles during meiosis largely

determines the mixing proportions, observed data have the mixture distribution given as

Z Zmﬂjgz‘j(w)-

i=1j=1
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Since g;j(x) = gji(x), this distribution can be written as a sum of distinct genotypes

a a—1 a
D nitgi(x) +2) D minigij(@)-
izl

i=1 j=i+1

The normal density is the most commonly used density for f, or g;;, that is

fi(z) = %¢ (x — uk)

g

where ¢(z) is the standard normal density.

2.2 Parameter estimation with EM algorithm

A general approach to maximum likelihood estimation for a mixture model is EM (Expectation-
Maximization) algorithm (Dempster et al., 1977). The method by Morton and MacLean (1974),
McLachlan and Basford (1988), and Shoukri and McLachlan (1994) will be modified to accommo-
date the constraints on the mixing proportions and used to estimate the parameters. In EM, the
data can be viewed as n observations of y; which can be completed from (z;, z;) where z; is observed
and z; is a missing observation. If the y; are independent and identically distributed according to

a probability density f with parameters 8, then the complete data likelihood is

n

LBz, z:) = [ [ £ (wil0).

=1

Further, if the probability that a particular variable is unobserved depends only on the observed
data x and not on z, then the observed data likelihood L°(@|z) can be obtained by integrating z

out of the complete data likelihood
1°(6|z) = /Lc(G\w,z)dz.

The MLE for € based on the observed data maximizes L°(@|x). The EM algorithm alternates
between two steps; an E-Step, in which the conditional expectation of the complete data loglikeli-
hood given the observed data and the current parameter estimates are computed, and an M-Step

in which parameters that maximize the expected loglikelihood from the E-Step are determined.
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In EM algorithm for mixture models, the complete data are considered to be y; = (z;, 2;), where
z; = (zi1,...,2ix) is the unobserved portion of the data with
1 if y; belongs to group k,
Rik =
0 otherwise.
Assuming that each z; is independent and identically distributed according to a multinomial dis-
tribution of one drawn from K categories with probabilities 7;, ..., Tk, and that the density of an

observation z; given z; is given by [[r_, fr(z;|0;)%*, the resulting complete data loglikelihood is
n K
1O, Tk, zikl®) = D Y zik log[m fi(24]0)).

i=1 k=1

The E-Step of EM iteration for mixture models is given by

. Tufe(i|0)
Zik — K - ~
Ej:1 ijj ($z|0)

(1)

while the M-Step involves maximization of the complete data loglikelihood in terms of 7 and @
where z;; is fixed at the values computed in the E-Step. For a normal mixture, the E-Step is
given by Equation (1) with fy replaced by ¢y. For the M-Step, estimates of the means and mixing
probabilities have the following forms involving the data and Z;; from the E-Step:

mn A n

I L7 2iz1 ZikTi . N

Tok=—"H Ppr=—"_ " Ng= Zzz'k-
n ng i—1

2.3 Testing the number of components with parametric bootstrap

Let z1,...,z, be a random sample from a distribution with the probability density function h(z).
A test of

Hy: h(z) = ho(z|0y) is a normal mixture with a common variance where dim(6y) = ko

Hi: h(z) = hi(z]01) is a normal mixture with a common variance where dim(6;) = k;

(where ko < k1)
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is considered and the likelihood ratio test statistic is defined as

n .
ho(z;|0
—2log A = —ZZlog M.
-1 hi(zi|01)
As mentioned in Section 1, the above statistic does not follow an asymptotic chi-squared distri-
bution. In this section, we extend the bootstrap method by McLachlan (1987) to a mixture with
more than two components for an application to the SULT1A1 data. The bootstrap resampling of

the likelihood ratio test statistic under the null hypothesis is as follows:

1. Estimate ho(z|8g) by ho(z|@o) where 8y is the MLE of @ obtained from the original data.
2. Generate a random sample of size n from a population with density ho(z|6y).

3. Get éf)"* and 0] by fitting mixtures with ko parameters (Hp) and k; parameters (Hi),

respectively, and then calculate —21log A for this bootstrap sample which yields —21og A;,.

4. Repeat steps 2 and 3 M times independently.

A test procedure for testing the null hypothesis that the data arise from a normal mixture
with ky parameters versus the alternative hypothesis that the data arise from a normal mixture
with k; parameters can be obtained from the empirical distribution of {—2log A}, }}_, which is
an estimate of the null distribution of —2log A. A test of size a will reject the null hypothesis
if the value of —2log A from the original data is greater than the 100(1 — «)th percentile of the
{—2log A*,}M_, distribution. The bootstrap p-value for the original data is then defined as the
proportion of the —2log Ay, ’s that are as extreme as or more extreme than the observed value of
—2log A. It is known that for the true critical value of the distribution of the likelihood ratio test
statistic, a better estimate of the 100(1 — «)th percentile tends to be obtained when the value of

M is larger (Bickel and Freedman, 1981).

2.4 Estimation of cancer risk with logistic regression

Let z; denote the phenotype of a subject or an appropriate transformation of the phenotype, e.g.,
logarithm of it. Ostensibly, the rate of metabolic reactions modifies the carcinogenic risk of an

exposure, and this suggests that z; could be used as a covariate in case-control logistic regression.
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But z; is a substrate specific measure and it may not correlate very well with the in vivo metabolism
that is the direct source of risk. Another possible procedure is to assign each subject into a specific
genotype based upon z;. However, this procedure in which an unknown genotype is estimated by
an observed phenotype may lead to misclassification errors, especially when x; does not resolve the
genotype very well. One possible approach to estimating the cancer risk of putative genotypes is
to replace an indicator vector for these genotypes in a standard logistic regression model with an
expectation for this vector given the observed phenotype (Delongchamp, 1993). This expectation
is closely related to the expectation that is calculated in EM algorithm for a mixture-of-genotypes

model. Under this model, the likelihood of observed z; given that the subject has genotype g is

o(25).

Let wq(z;) be a weight which is defined to be

= Z . 2
g ot (4552) )

The weight function wy(z;) can replace the indicator vector in logistic regression and this would
perform better with less bias from misclassification. The logistic model logit(7;) = By + Brwg(z;),
where 7; is the probability of colon cancer case for the ¢th subject, can be employed to estimate
the relative risk of colon cancer of each genotype. Also, the genotype frequency can be estimated
by

1 n
Pg = — ng(:(;i).
nia

3 Results

3.1 Mixture model fitting

Figure 1 displays the histogram of SULT1A1 activities (phenotypes) in the colon cancer case and
control. To fit the mixture-of-genotypes model to the data, several issues need to be investigated
such as whether the data are from a 3-component mixture or 4-component mixture of normal distri-

butions or whether the means of the components shift in their magnitude when colon cancer cases
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are compared to controls. This is an important problem because three genotypes can be explained
with two alleles while at least three alleles are required for generating four or more genotypes. We
calculate —2log A for testing the null hypothesis of 3-component mixture versus the alternative
of 4-component mixture. Further, we calculate —2log A under the null hypothesis that the colon
cancer case and control have the same means with different mixing proportions and the alternative
that the colon cancer case and control have different means with different mixing proportions. The
bootstrap samples under the null hypotheses in four possible null-alternative combinations are then
generated. Figure 2 shows the empirical distributions of a thousand bootstrap replications com-
pared with the chi-squared distribution in each case. Likelihood ratio test statistics obtained from
the original data set with the p-value calculated from both the empirical distribution of bootstrap
replications and the chi-squared distributions are given in Table 2. Although the decisions based
on both distributions are the same in significance level 0.05, the empirical distribution tends to
be more conservative than the chi-squared distribution. The test for same means versus different
means suggests the same means. Under the assumption of the same means for case and control, the
test prefers the 4-component mixture to the 3-component mixture. Thus, the test results suggest

the 4-component normal mixture with the same means for the colon cancer case and control.

(Table 2 here)

Figure 3 presents a 4-component normal mixture fitting to the logarithm of the SULT1A1
phenotype for the colon cancer case and control. The parameter estimates using EM algorithm are

given below.

Case Control
fig T4 6 Tq &°
-3.57 0.05 0.26 0.06 0.18
-1.62 0.26 0.20
-0.05 0.50 0.67
1.07 0.19 0.07

The distribution of SULT1A1 phenotypes in the prostate cancer case-control study is determined
in a similar way. The underlying assumption for the model is that the data are from a normal
mixture and the parameter estimation is performed using EM algorithm. Figure 4 displays the

histogram of SULT1A1 activities (phenotypes) in the prostate cancer case and control with a
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normal mixture fitting. Two-component normal mixture with the same means for prostate cancer
case and control is chosen as a model for these data based on the parametric bootstrap likelihood

ratio test where the results of which several possible scenarios are given in Table 3.

(Table 3 here)

Tests for the same means versus different means for both one-component normal and two-
component mixture does not reject the null hypothesis. Under the assumption of the same means for
case and control, the test reject the null of one-component normal and is in favor of the alternative
of two-component mixture. Note that the test result for mixture with more than two components

is not significant. The following table shows the parameter estimation of this model using EM

algorithm.
Case Control
fig Tq 62 Tq 62
-0.52 0.07 0.28 0.13 0.21
0.50 0.93 0.87

3.2 The relative risk estimation with logistic model fitting

Under our model, we calculate wg(z;) in Equation (2) of each subject and fit the logistic model for
each genotype using wy(z;) as an explanatory variable. The estimated parameters 31 with their
standard errors from the model logit(n) = fo + Biwy(z;) and the p-values of the test for the null

hypothesis that 8; = 0 for the colon cancer are

Genotype Estimate S.E.  p-value
From normal density with 4 = —3.57  -0.313  0.826 0.704
From normal density with gy = —1.62 0.398 0.441  0.366
From normal density with u = —0.05 -0.939 0.402  0.020
From normal density with g = 1.07 1.853 0.658  0.005

and the estimates and p-values of the test for the prostate cancer are

Genotype Estimate S.E.  p-value
From normal density with 4 = —0.52  -1.841 0.624  0.003
From normal density with g = 0.50 1.841
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The weight function wy(z;) ranges from 0 to 1 and wy(z;) = 1 implies that subject ¢ comes
from genotype g with probability 1 and wg(z;) = 0 implies this probability being 0. That is, 1 is
a representative value of w, for being genotype g and 0 for not being genotype g. In this context,
(1 is the increment in log odds of the cancer cases for each genotype. From the first of the above
tables, two genotypes show significant effects on log odds of colon cancer. The third genotype
shows a negative effect and the fourth genotype has a positive effect. In the prostate cancer case-
control study, the first genotype shows a significant negative effect on log odds of prostate cancer.
If we denote the first genotype as gl and the second ¢2, wgi(z;) + wga(z;) = 1 for all 4. Since
logit(m) = fBo + frwgi(z:) = Po + Brwga(z;), Pi estimate for the second genotype has the same
magnitude with the estimate of 31 of the first genotype with a different sign. In consequence, both
estimates have the same standard error with the same p-value in second of the above tables.

Tn this model, exp (8 + 31)/[1+exp(Bo + £1)] and exp(Fo)/[1 +exp(f)] represent the estimated
probability of the cancer cases for a given genotype and for other genotypes, respectively. The ratio
of these two values became the relative risk of a specific genotype. These values for colon cancer

are

Genotype Relative risk Frequency (case) Frequency (control)

1 0.79 0.05 0.06
2 1.32 0.26 0.20
3 0.52 0.50 0.67
4 2.83 0.19 0.07

and the values for prostate cancer are

Genotype Relative risk Frequency (case) Frequency (control)
1 0.47 0.06 0.11
2 2.12 0.94 0.89

The genotype frequency estimated by this model is also given in the above tables. Note that the
relative risk of one genotype is reciprocal to the other in the prostate cancer case (See the second

table).
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3.3 Simulation study based on SULT1A1 phenotypes in colon cancer case-

control study

A simulation study is performed for evaluating the performance of the parametric bootstrap likeli-
hood ratio test and compare it with the standard x? test. Both the size and power evaluation are
carried out with 5% significance level. In order to find out if the results obtained in Section 3.1 are
reasonable, we generated simulation data sets which have similar features as the SULT1A1 data on
colon cancer.

We considered two situations. First, a test for the null of 3-component normal mixture versus
the alternative of 4-component normal mixture is conducted when the means are the same for the
case and control. Second, a test for the null of the same means for the case and control versus
the alternative of different means for the case and control is conducted when the data are from
4-component normal mixture.

In the size evaluation, two hundred data sets of 46 cases and 121 controls are generated from
the null distribution with the parameters estimated from the colon cancer data. Each simulated
data set is then tested using parametric bootstrap likelihood ratio test with two hundred bootstrap
replications. The summary of the simulation study of the size evaluation is given in Table 4. The
chi-squared test is anticonservative for Test 1 while it controls size for Test 2. The parametric

bootstrap likelihood ratio test controls the size as desired in both situations.
(Table 4 here)

Similarly, two hundred sets of 46 cases and 121 controls are generated from the alternative
distribution with the parameters obtained from the colon cancer data for the power evaluation.
With 4-component normal mixture, the result for testing the null of the same means for the case
and control versus the alternative of different means for case and control (Test 1) is given in the first
half of Table 5. In accordance to the result obtained in Section 3.1 that the original colon cancer
data have the same means for the case and control, the parameters of the alternative distribution
are not much distinctive. The power obtained from the bootstrap LRT is only 11%, while the power
from the chi-squared test is 30%. The bootstrap LRT supports the results from Section 3.1 that the

null hypothesis is not rejected. In order to obtain a higher power, we also generated 4-component
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normal mixture data with substantially bigger separation of the means. As desired, substantially

larger power is observed from both the bootstrap LRT and chi-squared test.

(Table 5 here)

When the means for case and control are the same, the power of the parametric bootstrap LRT
and chi-squared test for testing the null of 3-component normal mixture versus the alternative of
4-component normal mixture (Test 2) is given in the second half of Table 5. The simulation data
sets are generated from the alternative distribution (4-component mixture and different means for
case and control) with parameter #; obtained from the colon cancer data. The high power obtained
in this simulation supports the conclusion from the analysis of the colon cancer data that the 4

components have enough separation.

4 Discussion

Many of the enzymes, which are involved in the metabolism of exogenous chemicals, have genetic
variants that commonly occur in human populations. These variants can have quite different ac-
tivities with respect to the metabolism of a specific substrate. Our hypothesis is that a subject’s
genotype for such metabolic enzymes modifies their carcinogen exposures and thereby alters their
cancer risk. This hypothesis is being investigated through cancer case-control studies. When a
genotype for each subject is known, estimating the relative cancer risk associated with the geno-
type is a straightforward application of logistic regression. Operationally this paradigm requires
knowledge of the gene(s) which potentially modify risk. An alternative paradigm is to examine a
phenotype distribution of a key metabolic enzyme for evidence of ‘variants’, especially looking for
enzymes where the ‘variant’ distribution changes with case status. SULT1A1 activity illustrates
the concept. Figure 1 displays a distribution of SULT1A1 activities with prominent modes that
suggest the measured population is a mixture. Further, the relative proportions of the components
appear to differ between the cases and the controls. This is at least superficially consistent with an
underlying distribution of genotypes that modify cancer risk.

A purpose of this paper is to characterize the distribution of SULT1A1 activities as a mixture

of unknown genotypes and to evaluate the disease risk associated with these putative variants. One
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would anticipate that the control subjects from the colon cancer study (Figure 1) would exhibit a
similar phenotype distribution to the control subjects in the prostate cancer study (Figure 4). This
is not the case mostly because these studies employed different methods to assay SULT1A1 activity.
In addition, the assay used in the colon cancer study is believed to measure the combined activity of
SULT1A1 and another enzyme. Hence, the phenotype recorded in the colon cancer study differed
substantially from the phenotype recorded in the prostate cancer study. While this example may
not be the best, it does illustrate the somewhat arbitrary nature of such phenotype definitions and
suggests the value of statistical methods that can relate the disease risk to underlying genotypes.
In the analyses presented here, the phenotype distribution of SULT1A1 activities in a population
is assumed to be a contribution from several genotypes. Recognition of this fundamental fact
suggests that the observed distribution could be statistically modeled as the sum of probability
distributions, one for each genotype weighted by its frequency in the population. In this paper, we
focused on the colon cancer data because its phenotype distribution indicates several genotypes.
The recorded SULT1A1 activities were fit by a mixture of four normal distributions, the putative
genotypes. The model finds that cases differ significantly from controls in the mixing proportions
of these four distributions (genotypes) but not in their means. Taken at face value, this indicates
that the supposed genotypes affect the risk of colon cancer. Specifically, the genotype with a low
frequency (next to the lowest) has greater impact on cancer risk than more frequent genotypes. The
SULT1A1 activity (phenotype) corresponding to this genotype is the biggest this suggests higher
phenotype of this enzyme perhaps is important in studying the association between cancer risk and
SULT1A1 activity. The result from prostate cancer data also supports this argument.

If the four components correspond to distinct genotypes, then a simple two allele genetic model,
one with high activity relative to the other, cannot explain these data. Of course, non-genetic
explanations for an apparent mixture of four populations are possible, and they cannot be excluded
by these methods. However, if there is a genetic basis for the observed distribution, then it should
be consistent with four prominent modes.

Three alleles (A, B, C) imply six genotypes (AA, AB, AC, BB, BC, CC), but not four.
However, with a sample size of 121 control subjects and 46 cases, rare genotypes might not be
adequately represented for them to appear as distinct peaks. Another possibility is that two

alleles are codominant and the third is recessive to the other two. An alternative model is that the
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SULT1A1 phenotype depends upon an additional gene, having two alleles. That is, four phenotypes
can arise from two loci where each locus has dominant and recessive alleles. Table 6 lists the nine
possible genotypes and their corresponding phenotype. We assume that the haplotypes, AB, Ab, aB
and ab occur in the control population with relative frequencies, m4p, ™ ap, To B and g, respectively.
The phenotype frequencies, 7;, are simply the sum of the constituent genotype frequencies. For
phenotype distributions associated with an enzyme, the two loci can reflect two single-nucleotide
polymorphisms that alter the amino acid sequence. In these cases, haplotype frequencies are
unlikely to reflect a random segregation of the alleles and the simplest genetic model can only
estimate these frequencies. However, it is useful to rule out the random segregation hypothesis
since it implies that the two loci are not linked. The probabilities of genotypes could be obtained

from the mixing proportions using this alternative model.

(Table 6 here)

According to our simulation study, the parametric bootstrap LRT tends to be more conservative
than the chi-squared test. Although the chi-squared test appears to be more powerful than the
parametric bootstrap LRT, the chi-squared test fails to control size in a certain case. Overall,
the parametric bootstrap LRT controls the size quite well. Our simulation results support the
conclusions made in the data analysis.

Here we attempt to classify subjects into ‘genotypes’ based on the phenotype. Alternatively,
a phenotype measurement can be used directly as the covariate in logistic regression. However,
the substrate being measured and the quantity defining a phenotype are somewhat arbitrary. In
concept, they correlate with cancer rates through their ability to identify an underlying genotype,
and it seems more appropriate to assess the data in that light, which led us to the modeling
presented here.

The case-control study was originally designed to match controls to the sex, age and race of
cases. Risk estimates for the genotypes should be adjusted for the resulting imbalance in these
factors, especially race because genotype frequencies tend to vary substantially among the race.
However, these factors were not observed with many subjects, thus they could not be appropriately

included in the modeling.
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Table 1: A part of the data on the SULT1A1 activities in colon cancer case and control subjects.

Observation SULT1A1 activity Group Age Race Sec Phenotype

1 .011 Case 58 White M Slow

8 .036 Control 20 White F Slow

9 .051 Control *x* Asian M Slow
63 .591 Case 58 White F Slow
64 .623 Control * White F Slow
65 .644 Control 66 White F Fast
66 .655 Control  * White F Fast
67 671 Control 67 Black M Fast
166 5.012 Case * * * Fast
167 6.592 Control  * White F Fast

@ Missing observation

Table 2: The value of —2log A with bootstrap p-value - Colon cancer case and control. The p-value
based on a chi-squared distribution is given in parentheses.

Hypothesis Condition —2log A p-value

Hjy: Same 3-component mixture 2.850 .b70
vs. H;: Different (.415 x? d.f. 3)

means for case and control 4-component mixture 1.972 .847
(.741 x2 d.f. 4)

Hy: 3-component mixture Same means for 10.207 .038
case and control (.017 x2 d.f. 3)

vs. Hjp: 4-component mixture Different means for 9.328 111

case and control (.053 x? d.f. 4)
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Table 3: The value of —2log A with bootstrap p-value - Prostate cancer case and control. The
p-value based on a chi-squared distribution is given in parentheses.

Hypothesis Condition —2log A p-value
Hy: Same 1-component normal 1.346 .268
vs. Hj: Different (.246 x? d.f. 1)
means for case and control 2-component mixture 0.886 702

Hjy: 1-component normal Same means for

case and control

vs. Hi: 2-component mixture Different means for

case and control

(.642 x? d.f. 2)

9.472 029
(.024 x2 d.f. 3)
9.012 078

(.061 x? d.f. 4)

Hy: 2-component mixture same means for
vs. Hjy: 3-component mixture case and control

3.722 0.338
(.293 x? d.f. 3)

Table 4: Simulated size at 5% significance level based on 200 data sets with 200 bootstrap replica-

tions.
Test 1: Hy 4-component normal mixture same means for case & control
H, 4-component normal mixture different means for case & control
Parameters 6 o = (—3.57,—-1.62,—0.04,1.07)
Case po = (0.05,0.26,0.50,0.19) oo = 0.51
Control py = (0.06,0.20,0.67,0.07) o9 = 0.42
Size Bootstrap LRT 5.4%
x? test 12.2%
Test 2: Hy 3-component normal mixture same means for case & control
H, 4-component normal mixture
Parameters 6 o = (—3.55,—1.54,0.11)
Case po = (0.04,0.25,0.71) o9 = 0.75
Control Py = (0.06,0.21,0.73) oo = 0.53
Size Bootstrap LRT 2.4%
X2 test 4.7%
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Table 5: Simulated power at 5% significance level based on 200 data sets with 200 bootstrap

replications.
Test 1: Hy 4-component normal mixture same means for case & control
H; 4-component normal mixture different means for case & control
Parameters 64
Case py = (—3.91,-1.67,—0.11,0.83)
p; = (0.04,0.25,0.43,0.28) o1 =0.51
Control py = (—3.44,-1.57,-0.05,1.15)
= (0.07,0.20,0.67,0.06) o1 =041
Power Bootstrap LRT 11.0%
x> test 30.0% (d.f. 4)
Parameters 0’1
Case u'l (—4.57,—2.28, —0.12,0.83)
p; = (0.04,0.25,0.43,0.28) oy = 0.51
Control u' (—3.44,—2.57,0.48,1.95)
= (0.07,0.20,0.67, 0.06) op =0.41
Power Bootstrap LRT 64.0%
X2 test 87.5%
Test 2: Hy 3-component normal mixture same means for case & control
H, 4-component normal mixture
Parameters 6 py = (—3.57,-1.62,—0.04,1.07)
Case p; = (0.05,0.26,0.50,0.19) o1 =0.51
Control = (0.06,0.20,0.67,0.07) o1 = 0.42
Power Bootstrap LRT 97.0%
X2 test 98.5% (d.f. 3)

Table 6: Relationships among phenotype frequencies, genotype frequencies and allele frequencies

(no linkage implies P(B|A) = P(B|a)).
Phenotype Genotype Frequency

1 AABB  7%p, where map = P(A)P(B|A)
AABb  2mypmap, where my, = P(A)[1 — P(B|A)]
AaBB  2mspmap, where mop = [1 — P(A)]P(B|a)
AbBb  2mapmap + 2mApTaB, Where mo, = [1 — P(A)][1 — P(B)]

2 AAbb ™4
Aabb 27TAb7rab

3 aaBB T2y
aaBb 27TaB7Tab

4 aabb T2
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Figure 1: Histogram and kernel density estimate of logarithm of SULT1A1 Phenotype from 46
colon cancer cases and 121 controls.
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Figure 2: The empirical distribution of —2logA for testing (a) Hp: 3-component mixture vs.
H;: 4-component mixture with the same means for the colon case and control (compared with
the chi-squared distribution with d.f. = 3) (b) Hp: 3-component mixture vs. H;: 4-component
mixture with different means for the colon cancer case and control (compared with the chi-squared
distribution with d.f. = 3) (c) Hy: the same means for the colon cancer case and control vs. Hji:
different means for the colon cancer case and control with 3-component mixture (compared with
the chi-squared distribution with d.f. = 3) (d) Hy: the same means for the colon cancer case and
control vs. Hi: different means for the colon cancer case and control with 4-component mixture
(compared with the chi-squared distribution with d.f. = 3)
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Figure 3: A 4-component mixture fitting to the logarithm of the SULT1A1 activities for the colon
cancer case and control.
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Figure 4: A 4-component mixture fitting to the logarithm of SULT1A1 activities for 355 prostate
cancer cases and 110 controls.



