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ABSTRACT OF DISSERTATION
MODELING GENETIC CORRELATION IN MICROSATELLITE FREQUENCIES

ASSOCIATED WITH COVARIATES AND POPULATION SUBSTRUCTURE

The survival of an endangered species can depend on how accurately the population
structure of that species is identified. By determining the substructuring of a species,
wise management can be facilitated. A popular tool for the detection and estimation of
population structure is information extracted from genotypic data from individuals within

populations.

In this dissertation I develop a new method that models genetic correlation structure
and relates it to a covariate. Two sources of structure are isolated: (1) substructuring of
a population into genetically distinct substocks, and (2) genetic correlation within a sub-
stock corresponding to a measurable covariate. My modeling approach is based on match
probabilities for different types of allele pairs, and on marginalization of a beta-binomial
probability model. My statistical model can be fit by adapting GAM fitting methodologies.

Hypotheses can be tested using permutation methods.

In order to evaluate the performance of my method I examine diverse simulations.
I consider both one-population and two-population cases. In the one-population case,
within-stock correlation attributable to a covariate is the influential factor, while for the
two-population case both within-substock correlation and population substructuring can
be detected. In these studies, I analyze the influence of various simulation parameters and
compare the performance of my method with other related methods. Generally, my method

i
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is shown to have good power to detect all but the tiniest effect sizes in datasets limited to

a small number of loci and samples.

I also examine the performance of my method by applying it to real data. The two
examples I consider pertain to the Bering-Chukchi-Beaufort Seas stock of bowhead whales
and to black-tailed prairie dogs living in northern Colorado. In both cases application of

my method is found to corroborate results from previous research.

The dissertation concludes with a discussion of some of the strengths and weaknesses

of my approach, and some consideration of potential future research.

Isin Ozaksoy

Statistics Department
Colorado State University
Fort Collins, CO 80523

Spring 2007
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Chapter 1

Introduction to Genetics &

Population Structure

1.1 Introduction to Genetics

Each cell in our body contains genetic information that is crucial to our survival and
diversity. In my dissertation, I focus on organisms that are diploid, i.e., have chromosomes
that are made up of two copies of double stranded molecules called DNA (deoxyribonucleic
acid). The number of chromosomes varies from one species to the other. While humans
have 23 pairs of chromosomes, whales have 22 and black-tailed prairie dogs have 25 pairs of
chromosomes [43]. DNA can be in the nucleus of a cell or in the mitochondria (mtDNA).

Mitochondrial DNA carries genetic information inherited only from the mother and does
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not carry any information from the father. MtDNA is therefore haploid because it consists
of only one copy of a gene. In my dissertation I focus on genetic information collected from

the DNA in the nucleus, i.e., nuclear DNA.

DNA carries genetic coding for the existence and inheritance of the species. Genes are
segments of the DNA as shown in Figure 1.1. The location in the chromosome where a gene
is located is called a locus. Any specific gene may exhibit several different forms; each type
is called an allele. Thus, each locus within an individual consists of a pair of alleles each
located on one of the chromosomes. Figure 1.2 displays two chromosomes from a flower’s
cell nucleus. The gene of interest is the color of the flower. There are various possible color
types the alleles can take. Figure 1.2 displays the case where one allele is purple flower and

the other is white.

When one of the gene types is dominant over another, it is called a dominant gene.

GENES

Figure 1.1: Figure of chromosomes and its components for a diploid organism [19].

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Aliele for purple Nowers

Allele for white flowers
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Figure 1.2: Figure of a chromosome of a flower. The locus is where the gene determining
the color of the flower is located. White and purple are two of the various alleles for that

specific locus [15].

Similarly the gene that is being dominated is called the recessive gene. In this case, the ge-
netic information that the dominant gene carries is manifested in the organism phenotype
while the recessive gene is hidden. As an example, someone with blood type A may have
allele pair (or genotype) AA or AO. Since A is a dominant gene and O is a recessive gene,
the person displays the property of gene type A, i.e., he has phenotype A. Therefore, it is
not always possible to determine the types of genes that an individual has by looking at

the phenotype.

When the two alleles at a certain locus are of the same type (AA in the blood type
example), the genotype is said to be homozygous and when they are different (AO in the
blood type example) the genotype is said to be heterozygous. One of these alleles is inher-

ited from the mother while the other is inherited from the father.
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The method that I develop in this dissertation can be applied to various different types
of genetic data. Here, I will concentrate my applications on a genetic data type called
microsatellites. One of the molecule types DNA consists of are nucleotide bases. There
are four different nucleotide bases; adenine (A), thymine (T), guanine (G) and cytosine
(C) [36]. Figure 1.3 demonstrate this substructuring of the chromosome to the nuclear
bases. Microsatellites consist of multiple sequential replications of (usually) two to four of
these bases within a locus. For so-called variable microsatellites, the number of times these
replications happen may differ between individuals of the same species. These numbers
of replications, i.e., microsatellite alleles are heritable. Thus, microsatellites are used in a
variety of different research areas. A survey of the methods and materials used to collect
microsatellite data and the uses of such data is given by [58]. In forensic science, microsatel-
lite data are used for DNA testing where the genetic data of the criminal and suspect are
compared. In biomedical research microsatellites are used to help study medical diseases.
In biological/evolutionary research, microsatellite data are crucial in answering questions

concerning degree of relatedness of individuals and population structure.

The genome of each individual is made out of thousands of genes that determine how
the organism functions. Each individual also passes on some of its genetic information to
its offspring. There are various factors influencing which gene information is passed on and
how this affects the genotype of the new individual. Individuals that breed only with mem-
bers of their group can be thought of as a genetically distinct population. Such a population
comprises a gene pool with various factors affecting its allele frequencies. It is possible —

indeed normal— for a species to include multiple, genetically distinct subpopulations that
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Figure 1.3: Decomposition of a chromosome to its nucleotide bases components for a diploid

organism [3].

can be distinguished because these subgroups exhibit different population-specific allele

frequencies (along with other genetic differences).

Inbreeding, subdivision of populations, and genetic flow are some of the factors in-
fluencing biological population structure. By analyzing genetic patterns and variation,
population structure can be detected and explained. The existence of population structure
means that individuals in the same subpopulation will be more genetically similar, on av-
erage, than individuals from distinct subpopulations. This tendency towards similarity is
what I will informally refer to as genetic correlation. In this dissertation I will develop a

new statistical method to detect genetic patterns of genetic correlation, particularly pat-
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terns related to measurable covariates.

1.2 Population Structure and the Hardy-Weinberg Prin-

ciple

The Hardy-Weinberg principle is one of the most fundamental concepts used in popula-
tion genetics [45]. It states that after one generation of random mating, genotypic frequen-
cies will follow a multinomial (binomial in biallelic case) distribution where the multinomial
cell probabilities can be expressed as simple functions of the allelic frequencies. These cell
probabilities can be described by the model that the alleles for any individual are chosen
randomly and independently of each other. For Hardy-Weinberg equilibrium to hold, the

following assumptions must hold for the population :

Mutation is not occurring

Natural selection is not occurring

Population is infinitely large

All members of the population breed

All mating is totally at random

Every individual in the population produces the same number of offspring

There is no migration in or out of the population
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Let X be the number of allele A in a genotype, i.e. X = 0,1 and 2. For the biallelic
case, with allele A frequency p4, the Hardy-Weinberg principle states that the genotypic

frequencies are:

P(X =2[pa) = P(AAlpa) =71}
P(X =1lpa) = P(ABl|pa)=2pa(l —pa) (1.1)

P(X =0lpa) = P(BBlpa)=(1-pa)’

if the Hardy-Weinberg assumptions are true. If a population does not exhibit Hardy-
Weinberg genotypic frequencies, then at least one of the assumptions is violated. This is
important for detecting population structure because Hardy-Weinberg disequilibrium can
be viewed as idealized single stock structuring. Due to various factors such as physical or
ecological changes, with time, populations may get subdivided. For example, individuals
may prefer to mate with those near by. Thus, the physical distance may have an impact in
grouping within a population. If between-group mixing is sufficiently rare, the subgroups
start differing in genetic patterns. Thus, if there is no mixing between subpopulations
(or extremely little mixing), this can be detected by exploring the genotypic frequencies
and their departure from Hardy-Weinberg proportions. For example, let a population be
subdivided into two substocks having different allelic frequencies. Even if each subpopula-
tion holds Hardy-Weinberg proportions, when the two subpopulations are lumped together,
there will be a deficiency of heterozygotes and excess of homozygotes with respect to overall

Hardy-Weinberg proportions. This is known as the Wahlund effect [56].
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For illustration, suppose there exist two biallelic subpopulations of equal size, both un-
der Hardy-Weinberg disequilibrium with allele type A frequencies, 0.4 and 0.8, respectively.
The genotypic frequencies are calculated using (1.1) for each subpopulation and are given

in the first two columns for Table 1.1.

Table 1.1: Genotypic frequencies for two subpopulations with allele type A frequencies 0.4
and 0.8, respectively. The final two columns are the genotype frequencies that would be

expected and observed if the two populations were pooled.

Subpopulation 1 Subpopulation 2 Expected Observed

(p1a = 0.4) (ppa =08)  (p=0.6)
AA 16 64 .36 4
AB A48 .32 _ 48 4
BB .-36 .04 .16 2

When the two subpopulations are lumped together, if Hardy-Weinberg proportions still
hold, the expected genotypic frequencies are found using (1.1) where allele type A frequency
is taken as the average of 0.4 and 0.8, namely 0.6. The expected frequencies for the pooled
population are given in the third column of Table 1.1. The observed genotypic frequency
when the two subpopulations are lumped together is the average of the genotypic frequen-
cies of the subpopulations and is given in the last column of Table 1.1. Since each substock
is under Hardy-Weinberg equilibrium, the difference between the expected and observed
genotypic frequencies when the two substocks are lumped together is termed the Wahlund

effect and signals substock structure.
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There have been various methods developed to test for a Wahlund effect. These tests
are based on whether or not the data reflect Hardy-Weinberg proportions. The simplest
such test is a x? test comparing the numbers of observed genotypes to expectations under

Hardy-Weinberg.

Inbreeding can also cause departure from Hardy-Weinberg proportions. Also known as
a form of non-random mating, inbreeding occurs when mating individuals are more closely
related than those drawn at random from a subpopulation. The effect of inbreeding is
a deficiency of heterozygotes and excess of homozygotes with respect to Hardy-Weinberg
proportions. The coefficient of inbreeding, f, is defined as the probability that the two ho-
mologous alleles in an individual are identical by descent (ibd); i.e., alleles are both copies
of one particular allele possessed by a common ancestor. It is also known as the correlation

of alleles within individuals [7].

For biallelic locus, let the allele A frequency be ps. Then the probability of two ran-
domly chosen alleles both being allele type A can be expressed in terms of being ibd or
not. That is, if the alleles are ibd then the corresponding probability is p4f while if they
are not ibd the probability is p% (1 — f). Putting these two together, the overall probability

of an AA genotype is

P(AA) = pi+ fpa(l —pa) (1.2)

= palf + (1= f)pal.
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This exceeds the proportion expected under Hardy-Weinberg, which is p%. Thus, the
non-zero inbreeding coefficient, f, results in an excess of homozygotes and a deficiency in

heterozygotes.

Notice that the Wahlund effect and inbreeding both result in heterozygote deficiency.
Therefore, one cannot use heterozygote deficiency alone to diagnose whether a population
has substructure, inbreeding and/or some other patterns of genetic variation. The method
I will describe in this dissertation enables one to separate various sources of excess homozy-

gosity.

Let us take a closer look at genotype frequencies and genetic correlation in a more
general case with k subpopulations. Let p;4 be the allele type A frequency at a biallelic

locus in subpopulation 4, for i = 1,---, k. Define

2-Dia
k

5= . (1.3)

Then, the expected AA genotypic frequency over all equally-sized subpopulations is

Y P2, S (pia — P+ Dp)?
k k
o A\2

= p*+ Var(p) (1.4)

= p*+6p(1—p).

10
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Since Var(p) is always non-negative (equal to zero if all p;4 are the same), the result of
lumping k subpopulations is more than the expected number of homozygotes and therefore,
less than the expected number of heterozygotes. Comparing (1.2) and (1.4}, the Wahlund
effect, represented by 6 in (1.4), influences genotypic frequency in the same direction as
inbreeding, i.e., as an excess of homozygotes and deficiency of heterozygotes. But while
inbreeding reduces heterozygote frequencies at all loci, the Wahlund effect influences only
the heterozygote frequencies at the particular loci with allele frequency variation over sub-

populations [45].

6 in equation (1.4) and f in equation (1.2) are also known as Wright’s F statistics [61]. 6
measures relatedness of pairs of alleles within a population relative to the total population
and thus is often represented as Fgr. Similarly, f also known as the within population
inbreeding coefficient or correlation structure within individuals relative to a population is
represented by Fs and the total inbreeding coeflicient also defined as correlation structure
within individuals relative to the total population is Fyr. The relationship between these
three statistics is such that (1 — Fyr) = (1 — Fis)(1 — Fsr) (11, 12]. This equation can
be derived using heterozygosity. Let H; be the true heterozygosity of individuals within
populations, Hg be the expected heterozygosity within subpopulations assuming Hardy-
Weinberg within populations, and Hr be the expected heterozygosity in the combined

population assuming Hardy-Weinberg over the whole sample. Then,

H;
Fp = 1- 2L
T Ty
_ ,_HiHs
B Hg Hr
(1= Fir) = (1~ Fis)(1 - Fsr)

11
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Table 1.2: Genotype counts for the Isotoma petraea (bi-allelic) dataset provided by James

et al. [53] for 8 populations. The last column represents allele A frequency in that particular

population.
Population (i) AA AB BB allele A frequency (p;a)
1 14 3 3 0.7750
2 15 2 3 0.8000
3 13 0 0 1.0000
4 23 5 2 0.8500
5 23 3 4 0.8167
6 29 3 1 0.9242
7 5 0 0 1.0000
8 0 1 0 0.5000

[37].

In order to understand the application of Wright’s F' statistics, consider the Isotoma
petraea (bi-allelic) dataset provided by James et al. [53]. The dataset is given in Table 5.1.
Allele A frequency is found by taking the ratio of allele A counts and the total number
of alleles in the population. For example, the allele A frequency in population 1 is found
by (14 2 + 3)/[2 * (14 + 3 4+ 3)] = 0.775. If population allele frequencies were observed
with no sampling error, then the three F' statistics can be estimated with no bias using

heterozygosity, sample estimate for 5 and sample variance of allele A frequency.

12
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From Table 1.2, the mean of the allele A frequencies, using equation (1.3), gives
P = 0.8332 and Var(p) = 0.02250. Thus, using results in equation (1.4), Fsr = 6 = 0.1619.
The observed individual heterozygosity is the average proportion of AB genotypes in the
populations. Thus, H; = (0.150 + 0.100 + 0 + 0.167 4+ 0.100 + 0.091 + 0+ 1)/8 = 0.2009.
The expected heterozygosity is found using p, i.e. Hr = 2 % (0.8332)(1 — 0.8332) = 0.2779.
Thus, Frr = 1— % = 0.2769. Using equation (1.5), Fis is solved and found to be 0.1372.

Notice in the example given above we assumed that there is no sampling error. In real-
ity this is not the case resulting in bias due to such sampling error which can occur either
when sampling only some individuals from a larger group of individuals within populations
(statistical sampling) or when sampling some populations from a larger group of popula-
tions (genetic sampling) [7]. There has been various research done to develop estimates

that take into account sampling error such as Nei’s Ggr [38}, Weir and Cockerham’s § {9, 10].

1.2.1 Testing Hardy-Weinberg Equilibrium

The genotypic frequency of AA is given in equation (1.1), when Hardy-Weinberg equi-
librium holds and in equation (1.2) when it does not. The difference between these two
probabilities is called the disequilibrium coefficient, D4 [7]. Thus, when Hardy-Weinberg
equilibrium does not hold, equation (1.1) can be rearranged as

P(AAlpa) = pj+ Da

P(ABlps) = 2pa(l —pa)—2Dy4 (1.5)

13
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P(BB|ps) = (1—pa)*+ Da.

Dy can be thought of as a parameter measuring the deviation from Hardy-Weinberg
equilibrium. Let P44 be the genotypic frequency of AA in a biallelic setting. Then D4 can
be estimated using the maximum likelihood estimator of le = PAA — pa where PA 4 and

pa are sample estimates [7]. Similarly, the variance of the estimate D can be found.

Since the disequilibrium coefficient is a measure of departure from Hardy-Weinberg
equilibrium, the null hypothesis for testing Hardy-Weinberg equilibrium is Hp : D4 = 0.
There are various methods that have been used to test such hypotheses. I first start with
methods with asymptotic distributional assumptions and continue with methods that do

not make any asymptotic distributional assumptions.

Large Sample Approximation Methods

For large samples, assume that the MLE of D4 has a normal distribution with mean
E [ﬁA] and variance Var(DA). Then, the null hypothesis Hp : D4 = 0 is tested using the

test statistic

_ Da—E[D4]
Var(D,)

z (1.6)

Notice that testing for heterozygote deficiency is equivalent to testing D4 < 0 and similarly,
testing for heterozygote excess is equivalent to testing D4 > 0. Therefore, Hardy-Weinberg

equilibrium can be tested using a two-sided test where the alternative is Hardy-Weinberg

14
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Table 1.3: Goodness-of-fit table for biallelic case. Expected genotypic frequencies are

formulated under the null hypothesis that Hardy-Weinberg equilibrium holds.

Observed Expected (Observed - Expected)?/Expected

AA naa nﬁ% (n]:?A)Z/nﬁi
AB nAB 2npapp 4(nD4)?/2npaps
BB  ngs np% (nD4)? /np%

equilibrium does not hold, or a one-sided test could be used to test either heterozygote

deficiency or excess.

The square of a standard normal has a chi-squared distribution with 1 degree of freedom
and can be used in testing Hardy-Weinberg equilibrium. Taking the square of (1.6) and
using the large sample variance of Dy, the chi-squared test statistic

N2
nD?%

72— A
Al — %)

(1.7)

can be used for testing Hardy-Weinberg equilibrium. Due to the nature of the chi-square

distribution, the alternative hypothesis is two-sided, i.e. H;: D4 # 0.

Another path to Z2 in (1.7) is to construct a goodness-of-fit chi-squared test. Ta-
ble 1.3 displays the observed number of genotypes, expected number of genotypes under
Hardy-Weinberg equilibrium for a biallelic case where n44, nag and ngpg are the number of
genotypes AA, AB and BB in the sample, respectively. We end up with the test statistic

in (1.7) by summing the last column in Table 1.3 to get the goodness-of-fit chi-squared test

15
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statistic.

Distribution-Free Methods

The testing methods thus far all rely on asymptotic distributional assumptions. From
the last column in Table 1.3 and the test statistics in (1.6) and (1.7), it can be seen that a
small expected allele frequency will have an increasing effect on the test statistic value. Es-
pecially when the sample size is not large, using continuous distribution for discrete count
data causes problems. Unlike these tests with asymptotic distributional assumptions, there
are methods to test Hardy-Weinberg equilibrium without any asymptotic distributional as-
sumption. Exact tests for Hardy-Weinberg equilibrium and likelihood ratio tests are two

such methods.

Exact Tests:

[24] derives theb exact test based on probabilities of all possible heterozygotes given al-
lele count and creates the rejection region of size a. These probabilities are based on the
assumption that they can be expressed in terms of allele counts and the number of het-
erozygotes [24]. Let n4 be the number of allele A and z be the number of heterozygotes in
the sample. Then [24] derives these conditional probabilities as

ninal(2n — ny)l2®
[(na —2)/2)lz![n — (na + x)/2]!(2n)!

P(z|na) = (1.8)

where n is the sample size. Next, all possible samples are ordered with respect to their
probabilities. The p-value of the sample is found by summing the probabilities of samples

16
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that are less than some function of the observed sample. The null hypothesis Hp : Dg =0

is rejected if the p-value is less than the significance level a.

As an example, I consider an example given in [7]. Table 1.4 gives all possible sam-
ple values, each with allele A count value of 19, for testing Hardy-Weinberg equilibrium
using exact tests. The table displays all of the possible samples, where the first sample
is the observed sample, ordered according to their corresponding conditional probability
calculated using equation (1.8) with ns and z as defined previously. Although the data

are multiallelic, it has been simplified to a biallelic case for simplicity. The p-value for the

Table 1.4: Exact test for Hardy-Weinberg equilibrium for a sample of size 40 with allele A

count of 19. The first row displays the observed sample.

AA AB BB Probability Cumulative Probability

9 1 30 0 0

8 3 29 0 0

7 5 28 0.0001 0.0001
6 T 27 0.0023 0.0024
) 9 26 0.0205 0.0229
0 19 21 0.0594 0.0823
4 11 25 0.0970 0.1793
1 17 22 0.2308 0.4101
3 13 24 0.2488 0.6589
2 15 23 0.3411 _ 1.0000
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exact test is found by summing the probability values of the possible samples with 1,3,5,7
and 9 heterozygotes. Thus, we reject the null hypothesis of Hardy-Weinberg equilibruim

with a significance level of 0.0229.

Unlike chi-square tests, exact tests do not suffer when the expected allele frequency
is small. Moreover, since the probabilities of observing genotypic counts do not depend
on allele frequencies, Hardy-Weinberg inference using exact tests are not affected by pop-
ulation allele frequencies. For a single locus case, exact chi-square test can be found by
using a contingency table as given in the example above. The multi-locus version requires
permutation procedures to find the p-value for the test. The number of possible samples
with same gene frequencies and sample size grows exponentially with the number of alleles.
This makes the calculation of the p-value for the exact chi-square test almost impossible

for real life cases.

[57] introduces two methods to use computer simulation to estimate the significance
level for the exact test: a Monte Carlo method and Metropolis algorithm. The Monte
Carle method has the advantage that sample size can be predetermined so that the desired
level of significance is achieved while limiting total computation time. The Markov Chain
method has the advantage that Hardy-Weinberg probabilities of each table (i.e., for each
locus) do not need to be calculated and therefore the time spent on each table does not de-
pend on the size of the table. When the performances of these two methods are compared,
the Monte Carlo method is better for small sample sizes with large number of alleles and

the Markov Chain method is most useful for sparse data with large sample size [57].

18
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[39] proposed an alternative method, namely the probability test based on exact non-
parametric procedure. By usi.ng Markov Chain Monte Carlo to estimate the p-value for the
exact test, this approach decreases the computation time required for datasets containing
large number of individuals and/or loci with large number of alleles. Thus, this probability

test is robust to the increase in number of alleles, subpopulations or sample size.

Likelihood Ratio Tests:

An alternative test for testing D4 = 0 is based on the log likelihood ratio statistic. The
likelihood function is maximized under the unconstrained model (L;) and under the model
where the parameter of interest is constrained by the corresponding null hypothesis value
(Lo). By taking the ratio of the two likelihoods, the likelihood ratio statistic A is derived
and can be approximated by chi-square distribution. That is, —2InA has chi-square distri-

bution with 1 degree of freedom.

Let n;; be the number of individual of genotype j in population sample i. Let n, be
the total sample size of the ith sample. Define n.; as the total number of j genotypes across

all samples and n.. = 3. n;.. Then define the test statistic as

G? —2In\

—2In(Lo/L1)

23 i)

;.74

Then G? is the likelihood ratio test for multinomial proportions and is used for testing the
null hypothesis of Hardy-Weinberg disequilibrium [50]. As in the case of exact tests, G*

does not require population allele frequencies.
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1.2.2 Detecting Population Structure

In the previous section I described different methods for testing Hardy-Weinberg equi-
librium. Now I will focus on testing for substock structure. Similar to the previous section,
exact tests from contingency tables can be used here also, but they cause similarvproblems
when some cells have small expected counts under the null hypothesis of Hardy-Weinberg
equilibrium. This problem becomes even more severe when the numbers of alleles increase.
Therefore, in this section I will focus on methods that rely on the bootstrap, permutations,

and so forth.

One of the most straightforward strategies for detecting population structure is to com-

pare allele frequencies between strata. I begin with a discussion of several such techniques.

Bootstrap Methods:

Bootstrap methods can be used to determine if two strata have the same allele frequency.
For a sample of size n, repeated samples of size n are randomly chosen with replacement.
Allele frequency is estimated in each repeated sample. These estimates provide a distri-
bution from which the confidence interval for the allele frequency in each strata can be
constructed without the need of Hardy-Weinberg equilibrium assumption. By evaluating
the confidence intervals for the allele frequency of the two strata, a decision about the pop-

ulation structure can be made. If there exists population structure, then the two confidence
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intervals should not overlap [7]

Permutation Tests:

Another distribution-free method for comparing allele frequencies is based on permutation
testing. Permutation tests are very useful especially when other methods fail due to the
large number of possible pairs of samples or the existence of a rare allele resulting in small

expected frequency in the contingency table.

Let n; and ny be the sample sizes of the two strata with corresponding allele A; count n;;
and ng. If it is assumed that Hardy-Weinberg equilibrium hold, a global test based on all
alleles is developed using joint probability of allele A; counts in the two strata. Conditioning
this joint probability to the total count of allele A;, the conditional probability of allele A;

counts in each of the two strata under null hypothesis of equal allele frequencies is,

(2n1)'(2n2)' H(nil + nlz)'
2”’11 + 2’!12 Hnil! Hniz!

(1.9)

P(ni1, na|niy + nig)

After the total group of alleles is permuted, it is divided into samples with pre-determined
sample sizes. The significance is determined by the proportion of conditional probabilities
of the permuted allele counts, calculated using (1.9), that are less than that for the observed

value [7].
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AMOVA:

Elston et al. consider using analysis of variance concepts to break down genetic variation
[49]. This approach is called AMOVA or analysis of molecular variance. In the case of no
interaction among loci, the overall genetic variance is simply the sum of the single locus
variances. Excoffier explains the hierarchical analysis of molecular variance from the matrix
of squared distances between allele pairs [34]. This method is flexible since adjustment to
assumptions can be done by adjusting the distance matrix. Thus, unlike ANOVA, normal-
ity assumption is not a requirement and thus AMOVA succeeds in explaining the hierarchy

in the population structure.

' For simplicity, I assume allele A is the allele of interest. Let z;; be an indicator variable
for allele A from population i. That is, z;; = 1 if jth allele from population i is A and
zero otherwise. A hierarchical analysis of variance breaks down the total variance into
covariance components which are later used to estimate Wright’s F' statistics. Let the it
allele frequency vector from j** population be a linear equation of the form z,; = U+ aj;
where the vector y is the unknown expectation of z,; averaged over the whole study, and
a is the population effect. Then the expectation of the binary variable z;; is just the
allele A frequency in population i. Thus testing for equal allele A frequencies in the pop-
ulations can be done by applying ANOVA to the z;;’s. Under the assumptions that the
alleles in different populations are independent, Table 1.5 shows how the within-population

and between-population correlation structure is broken down using z,; for the k popula-

tions with n; as the number of allele A in population ¢ [7]. Note that ps = Z‘f% and

TiPAL
ni

Pa. = * where py; is the true allele A frequency in population : and p; is the sample
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Table 1.5: ANOVA table for binary variable z,; for i=1,---,k, =1, ,n;.

Source . df Sum of Squares Expected Mean Square

Among poulations k=1  Ynpa—pa) HX(1- o Pai(l = pas)
+555 T ni(pas — Pa.)?

Within populations Y(n; —1) Y npa(l —pa) Z("ig(): :‘_‘(ll)—pA')

allele A frequency in population 3.

Clustering Methods:

Another strategy for population structure analysis is based on the statistical notion of
clustering. Here, no group memberships or strata are specified. Instead the samples are
analyzed to assess their nearness or genetic distance from each other. The dataset is par-
titioned empirically to form clusters that minimize within-cluster variation and maximize
betw_een—cluster variation in some sense. Ideally, Hardy-Weinberg disequilibrium is absent
within each resultant cluster. The number of clusters may be fixed in advance or esti-
mated. The process of forming clusters may be agglomerative, divisive (hierarchical) or

model-based.

An example of such a method is the program Structure {13, 29]. Let the distribution
of allele frequencies among populations be approximated by a Beta distribution with mean
p and variance p(1 — p)d. Then by specifying priors on p, 8 and (unknown) population of

origin for each individual (denoted by Z), the posterior distribution can be used to estimate
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the unknown parameters p and Z. As a result of parameter estimation, Structure estimates
ancestries or assignment probabilities of individuals to clusters. The number of clusters,
K, must be ﬁ%ed in advance. The likelihood that individual i comes from subgroup &
can be found using Bayes’ theorem. After spécifying priors of geﬂotypic frequencies, the
posterior probability that individual ¢ belongs to subgroup k£ can be estimated. Pritchard
et al. [29] also suggest a likelihood-based way to comparé chéices for K, but the method is
highly approximate and they warn against relying on this. [51] presents simulation results
suggesting that the statistical power of Structure can be quite low when gene flow is moder-
ate or high. The benefit of such clustering methods is that they focus more on assignment

of individuals to subgroups, rather than on testing for the existence or number of subgroups.

1.3 New Method

The method described in this dissertation shares some similarities with many of the ap-
proaches discussed above. Like methods requiring pre-specification of groups, my method
attempts to detect the signal of the stock structure rather than attempting to group indi-
viduals. Unlike many such methods, it associates genetic structure with covariates (along
wiﬁh an overall Wahlund effect). My method resembles Structure and similar techniques
in that it is not  reliant on a priori stratification of samples. The genetic signals from such

groups should be detected without guessing or estimating group membership.

My method is based on empirical estimation of the similarity of paired alleles. All
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alleles from all individuals are tested equally, and all pairwise comparisons are examined,
both within and between individuals. I use covariates that may explain patterns in pair-
wise allele match probabilities. The significance of each term in my model is tested using

permutation methods.

One of the datasets I use to illustrate the performance of my method relates to the
Bering-Chukchi-Beaufort Seas population of bowhead whales. Population structure in this
region is unknown, so genetic samples may come from one or more sub-populations (sub-
stocks). The stock identity of each whale is unknown. For this dataset, my goal is to
accurately detect patterns of genetic variation among bowhead whales. These whales are
migratory, and may exhibit spatio-temporal stock structure. Genetic samples are taken at
only a few points along the migratory pattern path. One previous study, examining pairs
of whales, has shown temporal genetic substructure [42]. Also, these whales are extremely
long-lived and may have passed through a population bottleneck less than one whale lifetime

ago [21]. Thus, the covariate “age” may be related to genetic structure caused by gene drift.

In Chapter 2, I develop a statistical model and estimation strategy useful in such appli-
cations. I also introduce a hypothesis testing strategy using permutation tests. In Chapter
3, I discuss simulation testing of my proposed model and compare the results to those from
related methods. In the following chapter, Chapter 4, several applications of my method
to real data are described. Some general conclusions and other discussions are given in

Chapter 5.
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Chapter 2

Modeling

This chapter describes the theoretical motivation for my modeling approach. I will build
up the mathematics starting from the simplest case and moving to the most complex: First
we will consider the single-locus bi-allelic case, then the single-locus multi-allelic case and

finally the multi-locus multi-allelic case.

‘To investigate genetic stock structure, I will analyze the probability that two randomly
selected alleles match. I will relate this probability to the identities and characteristics of
the whale(s) from which the alleles were taken. A match occurs when two randomly sam-

pled alleles are identical in state. All possible pairs of alleles in the sample are considered.

My model is based on allele match probabilities. Useful background on such proba-
bilities (in the context of forensics) is given in Balding and Nichols [4] and in Ayres and
Overall [33]. I will model these match probabilities using the same sorts of tools used for

Generalized Linear Models, and Generalized Additive Models, using a covariate suspected
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to be related to genetic variation among individuals and/or substocks.

2.1 Single Locus Bi-allelic Case

For simplicity, I will introduce the simplest case first: the single locus bi-allelic case.
Here I assume there is only one locus with only two possible alleles. Although unrealistic
compared to real life situations, this simplest case is intended to introduce the basic ideas

of my methodological approach.

Assume there are at most two substocks. Assume there is one locus with alleles A and
B. Let p;s be the substock.frequency of allele A from substock i, for ¢ = 1,2. Notice
that since there are only two possible allele types, the substock frequency of allele B from
substock ¢ is 1 — p;a, for i« = 1,2. In the simplest case of two alleles chosen at random from

a substock, with random mating within substocks,
P(AA|pia,alleles from same substock) = p;4(6 + (1 — 0)pia)) | (2.1)

where p; 4 is the substock proportion of allele A and 6 (defined as 1/Fsr — 1 in [4]) is the
probability of two alleles being identical by descent from a comnllon ancestor in the same
suBstock. This expression is easily generalized when there are more than two allele types at
the locus. My models are intended for the case when # may be greater than zero (because
there is significant substock structure) and there is ’a.n association between a covariate of

interest, X, and allele match probabilities.
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When the random mating assumption is not valid,
P(AA|p;a, alleles from same substock) = pia(f + (1 — £)(0 + (1 — 0)pia)) (2.2)

where f is a measurement of within substock correlation. Defining g = f + 6 — f#6, it is

easy to show that (2.2) reduces to
P(AA|p;4, alleles from same substock) = p;a(g + (1 — g)pia))- (2.3)

Alleles drawn from separate source substocks are assumed to be independent. Thus,

the probability of a match is
P(match|alleles from different substocks) = pjapaa + (1 — p1a)}(1 — p2a). (2.4)

In the initial stages of model development, I have taken the simplest case: assuming
that the genetic data for each whale consist of a single locus with two allele types A and B.
Also, I have assumed that whales originate from no more than two substocks, and that there
is no migration between the two substocks. Of course, for the bowhead whales mentioned
above, these assumptions may not hold. I now begin generalization of this allele matching

probability model for a more complex situations that are more biologically reasonable.

2.1.1 Marginal Match Probabilities for Independent Substocks

Recall that the probability of observing allele A in substock 7 is p;4, for i = 1,2. Alleles
are not independent when they are drawn from the same substock and allele match proba-
bilities must account for the correlation. To develop my statistical model for match prob-
abilities, I begin with the genetic probability model of Ayres [33] which views population
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allele frequency parameters (the p;4) as random variables which vary between substocks.

In developing my model, the probability of a match is marginalized over the distribution
of substock allele frequencies. For example, consider the event AA. Let T4 and I4 be the
indicator that the allele pair is AA and that an allele is A, respectively. Then I44 = [414.

The marginal probability of an AA match is

P(AAmatch|both alleles from substock i) = E(laa) = E(lala)
= Ep(E[lalallp:)
= Ep(gpi+ (1~ 9)p)) (2.5)

where f, 6 and g are as defined previously (i.e., g = f + 6 — f8). Assume the p;|p have

independent beta distributions with mean p and variance gp(1 — p). Thus, marginally,

P(AAmatch|both alleles from substock i)

= gp+ (1 - g)(gp(1 - p) +7%)

= p’+gp(1-p)+9(1 - g)p(1-p). (2.6)

With a similar approach it can be shown that marginal probability of a BB match for

alleles sampled from the same substock is

P(BB match|both alleles from substock 1)
= (1-p)* +gp(l —p) +9(1 - g)p(1 - p). 27)

Therefore, the marginal probability of a match of any sort is the sum of (2.6) and (2.7).
Thus, the marginal probability of a match when alleles are drawn from the same substock

is:

P(match|both alleles from same substock) =
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P’ + (1 —p)* + 2gp(1 — p) +29(1 — g)p(1 — p). (2.8)

Notice that if allele pairs are drawn from the same whale then they are also drawn from
the same substock. Thus, the probability of a match when alleles are drawn from the same
whale is equal tQ the probability of a match when alleles are drawn from same substocks.
Thus, (2.8) can be thought of as the match probability for the case when allele pairs are

drawn from the same whale.

I need to develop a model that does not depend on the knowledge of which substock
is the source for each allele, since this information is not available in most microsatellite
datasets and the existence of a separate second substock is uncertain. To do this note that

the probability that two alleles from different whales match is,

'P(match}alleles from different whales)

= P(alleles from same substock)
* P('matc.h|alle1es from different whales from same substock)

+ P(alleles from different substock)

* P(match|alleles from different whales in different substock)

= U@+ (1-p)*+29p(1 = p) +29(1 — g)p(1 —p)) + (1 = U)(»* + (1 — p)*)

— P+ (1—p)® +2U[gp(1 — p) + 9(1 — g)p(1 — p)], (2.9)

where U is the probability that two sampled alleles are from the same substock. Equation
(2.9)_can be viewed as the weighted average of the probability of a match when both al-
leles are from the same substock and probability of a match when they are from different

substocks with weights U and (1 — U), respectively.
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2.1.2 Model for Detecting Stock Structure from Match Proba-
bilities
Let Y be a binary variable indicating that two sampled alleles match, and let Y;; be
the value of Y for the allele pair consisting of alleles ¢ and j. Then Y;; = 1 if the sth
and jth alleles match and zero otherwise. The distribution of the random variable Y;; is
Bernoulli with a parameter that depends on whether the alleles are drawn from the same
whale or from two different whales. From (2.8), if the alleles are from the same whale,
then Y;; can be modeled as Bernoulli(p® + (1 — p)? + 2gp(1 — p) + 29(1 — g)p(1 — p)).

From (2.9), if the alleles are from two different whales, then Y;; can be modeled as

Bernoulli(p? + (1 — p)2 + 2Ugp(1 — p) + 2Ug(1 — ¢)p(1 — p)).

Let Q;; = P(Y;; =1) and

(2.10)

Then,

g+g(1—yg), if sth and jth alleles are from same whale

(2.11)

ij
Ug+ Ug(l—g), if alleles are from different whales.

Suppose that genetic correlation varies smoothly with a covariate variable, X, within
each substock, but the covariate does not induce correlation between alleles from separate
substocks. Let X;; be the value of the covariate measured for the ijth allele pair. For the
bowhead ciata, the most important covariate is At,;, the temporal separation of the capture
times for 7th and jth sampled alleles. Other potential covariates are the age difference and
the length difference of the whale(s) providing the two alleles. For simplicity, I currently
consider X;; = At;; with At;; = 0 if the ¢th and jth sampled alleles originate from the
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same whale.

In order to motivate the class of models I propose, I begin with the assumption that f
is linear in the covariate, so the value for a specific allele pair can be written as f(X;;) =
ap+ a1 X;;. This assumption is biologically implausible and not necessary for my approach,
but it is the simplest way to explain the idea behind my model. Later, I will generalize
this so f(X;;) = s(X;) for some smooth function s. The effect of assuming that f depends
on X;; is that the value of g in, e.g., equation (2.11) differs for each 7 and j. Specifically,

defining g(X;;) = 0 + f(X;;) — 0f(X;;), I can re-express Z as
Zij = 29(0) + 2(Ug(X;) — 9(0))8;; — 9(0)* + (9(0)* — Ug(X5)*)dy5 (212)

where 6;; = 1 if alleles ¢ and j are from different whales and zero otherwise.

Substituting p = [Q(O) +9(0)(1 = g(0))] = [2a0 — a3, m = (U — Vs, 12 = 2Uen (1 —

6)(1 — ap) and y3 = —Ua?(1 — 6)?, equation (2.12) can be simplified to
Zi; = p+ b+ 12 X0 + 13 X0 (2.13)

Evaluating (2.13) at X;; = 0 gives the Z;; value when allele pairs come from different
whales and have covariate value zero, i.e., i+ ;. If allele pairs come from the same whale,
then ¢;; = 0 and so Z;; = p. If there is only one substock, then the model should give the
same results whether allele pairs are from the same whale or different whales. In this case,
u+ 1 = . Thus, testing y1 = 0 becomes equivalent to testing the hypothesis that the

data originate from a single population.

Clearly v, and =3 jointly quantify the effect of X on the allele match probability. The
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effect of the covariate on f is investigated by testing the null hypothesis of v, = y3 = 0.

The discussion above is rémiﬁiscent of a generalized linear model. However, the out-
comes are not iﬁdependent so inference cannot be based on the standard large-sample
methods for Generalized Linear Models. I use permutation tests in implementing both of
the hypothesés of interest. Details of hypothesis testing are given in later sections of this

chapter.

2.1.3 Dependent Substocks Case

In developing the model in (2.13), it was assumed that the covariate of interest, Xj;,
influenced the match probability only when alleles originated from the same substock. For
many covariates, this is probably sensible. As an alternative, let us consider the case when
the covariate also affects the allele pair match probability when alleles originate from dif-

ferent substocks.

Then, alleles drawn from different substocks are no longer independent. For alleles
originating from different substocks with allele A frequencies p; 4 and p24, respectively, the

AA match probability is,

P(AAmatch|alleles from different substocks)

= P(si = )P(La(9)=1|s; = 1)P(La(j)=1ls; = 2)

+ P(si = 2))P(1a(t)=1]s: = 2)P(1a(5)=1]s; = 1)

n . Ty

J— 1 —
= n1+n2(P1A(f+(1 f)pZA))+nl+n2

(P2a(f + (1 = f)p14)) (2.14)
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where n; and ny are the sample sizes of substock 1 and substock 2, respectively. 14(7) is
the indicator that the ¢th drawn allele is allele type A, and s; indexes the substock from
which the allele is drawn. Therefore, the marginal probability of an AA match when alleles

originate from different substocks is
E[P(AAmatch|alleles from different substocks)] = p(f + (1 — f)p) (2.15)

since the p; are independent with mean p.

Similarly, the marginal probability of a BB match when alleles originate from different

substocks is,
E[P(BB match|alleles from different substocks] = (1 —p)(f + (1 — f)(1 —p)) (2.16)

Thus, the marginal probability of a match when alleles originate from different sub-

stocks is the sum of (2.15) and (2.16):
E[P(match]alleles from different substocks] = p*> + (1 — p)* + 2p(1 — p)f. (2.17)

Notice that the marginal probability of a match when alleles originate from the same sub-
stock is not affected by the new assumption. Thus equation (2.8) still holds and is valid

for match probabilities when the paired alleles originate from the same whale.

Of course the source substock for each allele is still unknown, but the source whales
are known. We seek an expression for the marginal match probability conditional on the
source whales. To find this, let U be the probability of two randomly drawn alleles being

from the same substock. Then the marginal probability of a match when two alleles are
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randomly sampled from different whales is,

P(matchlalleles from different whales)

= U@+ (1-pP +2p1-p) 421 - gl —p) ~  (218)
+ =D+ (1 -p) +20(1 - p)f)
= P (= p 20— DU+ 91— )+ (L= O]
Let Y;; = 1 if alleles ¢ and j match, and Y;; = 0 otherwise. From (2.18), Yj; is
distributed Bernoulli(p® + (1 — p)? + 2gp(1 — p) + 2g(1 — g)p(1 — p)) if the alleles are drawn

from the same whale. If the alleles are drawn from different whales, Y;; is distributed

Bernoulli(p? + (1 —p)? + 2p(1 - p)[U(g + g(1 — 9)) + (1 = U)f])). Let Q;; = P(Y;; = 1) and

define
Qi; — p* — (1 —p)?
Zi = : 2.19
? 2p(1 - p) (2.19)
Then
g+g(1—yg), . if 4th and jth alleles are from same whale

Ug+Ug(l—g)+ (1 —U)f, if alleles are from different whales.

Let us continue to assume a linear relationship between f and X, where f = ag+ 0y X5
and X is the covariate of interest over a range of (0,1). As before, g =8+ f — f6. Then I

can arrange Z as,
Zi; = 29(0) + 2(Ug(Xy5) — 9(0)551j — 9(0)* + (9(0)* = Ug(Xi;)")dy; + (1 = U) f8;; (2.21)

where d;; = 1 if alleles 7 and j are from different whales and 4;; = 0 otherwise. After

reparameterization, (2.21) simplifies to

Zij = p+mbiy+ 12Xy + 1 X0 (2.22)

35

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



where p = [29(0) — 9(0)’], m = (1 = U)[ao — 20§ + f], 72 = 2Ueri (1 — 6)(1 — o), and
73 = —Ua?(1—60)%. With the same reasoning as in the independent substocks case, testing
H, : 1 = 0 corresponds to testing for the existence of more than one population, and

testing H, : 72 = 73 = 0 amounts to testing whether the covariate X affects f.

The important aspect of (2.22) is that from a different set of assumptions, the same
model is derived. Therefore it is unnecessary to determine or to make assumptions about
whether the covariate operates across substocks. The same modeling approach can be used

in either case.

To summarize, I have developed two approaches in developing a model for the binary
random variables Y;; which equal 1 when alleles i and j match and zero otherwise. The
model asserts that Y;; ~Bernoulli(Q;;) so E(Y;;) = @Q;;. I have a link function,

_Q-pr—(1-p)

200 =) (2.23)

9(Q)

and the linear predictor g(Qs;) = p + Y1055 + 7203 Xs; + 73(Xij)?6:;. Together these are the
components of a generalized linear model in the binomial family with logit link function [44].
Such a model can be fit easily in statistical packages such as S-Plus [35], [59]. Appropriate
tests of v; = 0 and v, = y3 = 0 can be used, respectively, to test the multiple-substock

hypothesis and the hypothesis that genetic similarity depends on the covariate X.
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2.1.4 Hypothesis Testing in Single Locus Bi-allelic Case

Before proceeding to derive the model under more complex genetic assumptions, let us
first explore hypothesis testing a little. I will construct permutation tests for testing the
single substock hypothesis and for testing the covariate effect. Recall from previous sections

that the model has a linear predictor given by
Zii = p+m0i; +72Xi045 + 'YSXizjéij,

When X;; = 0, allele pairs coming from same whales and from different whales have
Zi; values of u and p + 7, respectively. If there actually is only one substock then v,
should be zero.- If there exists two substocks then the allele match probability for different
whales depends on whether the two paired alleles originate from the same substock or from
different substocks. Marginally, therefore, the mixture of different gene pools decreases
the match probability when compared with the case of single substock match probabili-
ties. This can also be algrebratically explained: Recall that Y;; ~Bernoulli (Q;;) and U is
the probability of two randomly drawn alleles being from the same substock, 0 < U < 1.
When @);; values are compared for alleles originating from the same whale given in (2.8)
and alleles originating from different whales given in (2.9), it can be seen that the match
probability (or Q;) for alleles originating from same whale is larger than those originating
from different whales. Thus, it is expected that 4 > p + ;. Therefore, 71 < 0 could be

considered as the alternative hypothesis.

Under the null hypothesis of single substock, shuffling the 4,; with respect to the Y;; is

permissible because the d;; have no effect on the match probabilities. Thus, permutation
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tests can be constructed by using the null distribution of «; estimates or the null distribu-
tion of the deviance penalty attributable to omitting ~; from the model, where these null
distributions are obtained by repeated shuffles of the ¢,;. If the original estimate for v,
or its associated deviance is significantly different from those obtained from the reshuffled

datasets, then the null hypothesis is rejected.

Testing the covariate effect is equivalent to testing v2 = 73 = 0. That is, if X is not
statistically significant then the match probabilities will not be affected by the portion of
the model that depends on the X;;. Thus, testing v, = y3 = 0 is analogous to the temporal
pattern test in Jorde et al. [42]. Similar to permutation tests for ,, permutation tests
for covariate effect can be constructed by shuffling the X;; with respect to the Y;;. Under
the null hypothesis of no X effect, this shuffling is permissible since the X; are unrelated
to the match probabilities. Such shuffling can be used to generate a null distribution for
the deviance penalty associated with omitting terms involving X from the model. If the
observed deviance change is significantly different from that of the reshuffled datasets, then

the null hypothesis is rejected and significant covariate effect is concluded.

2.2 Multi-Allele Single-Locus Case

Thus far, we have considered only the bi-allelic case. In reality, there are usually many
more possible alleles for each locus. Denote the probability of obsérving allele type A; in

substock 7 as p;j;, for i = 1,2 and j = 1, - -, m, where m denotes the total number of alleles
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at the locus. The probability that two alleles chosen at random from the ith substock

match is
P(A;A;|p;, both alleles from ith substock) = p;;(f + (1 — f)(@ + (1 = 0)pi;)) (2.24)

where f is a measurement of within substock correlation, p;; is the ith frequency of allele
A; in the ith substock, and 0 is as defined before. Assuming g = f+ 6 — f6, (2.24) reduces

to
P(AjAj|p,‘j., both alleles from ith substock) = p;;(g + (1 — g)ps;)). (2.25)

Alleles drawn from separate source substocks are assumed to be independent and there-

fore

P(matchlalleles from different substocks) = Y p1;ps;. (2.26)
j=1

2.2.1 Mai‘ginal Match Probabilities for Independent Substocks

First we address the case when the covariate is assumed not to operate across substocks.
Let I4,4, and I, be the indicator that the allele pair is A;A; and that the allele is A;,

respectively. Then I4 4, = Ia,14,. The marginal probability of an A;A; match is:
P(A;A;match|both alleles from substock ¢) = FE(I4,4,)

= E(l4;1a,)
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= EP(E[IAjIAj”p’i)
= Ep(gpz'j +(1- Q)P?j) ,
where g = f+ 60— f6, f and 6 are as defined before. The p,j|p; are independent with mean

p; and variance gp;(1 — p;). Thus, marginally,
P(A;A;match|both alleles from substock ¢)

= gp; + (1 — 9)(gp;(1 — p;) + p?)

= p;+9p;(1—p;) +9(1 - 9)p;(1 — py) (2.27)

A match is defined as two randomly drawn alleles being the same. Therefore, the
marginal probability of a match is the sum of (2.27) over all possible values of j, for
j=1,-++,m. Thus, the marginal probability of a match when alleles are drawn from the

same substock is

P(match|both alleles from same substock) = > [p;g+ (1 — g)lgp;(1 — p;) + P3|

—1

.

m

= g+(1-gg+(1—-9?>> p (228)

Jj=1

The marginal probability of a match when two alleles are drawn from different whales
is
P(matchlalleles from different substock)

= Y P(AjAjmatch|alleles from different substock)
=1

= il E(p1pj)

2

1

I
NE
AN )

P; (2.29)

[
Il
—

since the p;; are independent with mean p; and variance gp;(1 — p;).
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In order to develop a model that does not depend on the knowledge of which substock
is the source for each allele, define U as the probability that two sampled alleles are from

the same substock. Then,

P(match|alleles from different whales)
= P(alleles from same substock)
* - P(match|alleles from different whales from same substock)
+ P(alleles from different substock)

*  P(match]|alleles from different whales in different substock)

= U[g+g(1—g)+(1—g)22p] Z
J—l J=1
= Y p+Ulg+g(l—g —292P]+9 ZPJ
j=1
= 3¢ 2g1—2p] P - (2.30)
j=1 . i=1

Equation (2.30) can be viewed as the weighted average of the probability of a match
when both alleles are from the same substock and probability of a match when they are

from different substocks with weights U and (1 — U), respectively.

2.2.2 Model for Detecting Stock Structure from Match Proba-

bilities

Let Y be the binary variable indicating that two sampled alleles match, and Y;; be the
value of Y for the allele' pair consisting of alleles ¢ and j. Then, ¥;; = 1 if the ith and jth
alleles match and zero otherwise. The distribution of the random variable Y;; is Bernoulli
with a parameter that depends on f, 6, and whether the alleles are drawn from the same
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whale or from two different whales. Using the saﬁle interpretation as before, the probability
of a match when alleles are drawn from the same whale is equivalent to the probability of a
match whern alleles are drawn from same substocks. From (2.28), if the alleles are from the
same whale then Y;; can be modeled as Bernoulli(g+(1—g)[g+ (1 —g) £ p3]). From (2.30),

if the alleles are from two different whales, then Y;; can be modeled as Bernoulli( in: p? +
. 1

1=

Ulg(1 - 5% 9) = (1= £ p2)]). Let Qi = P(¥i; = 1) and

Qij — Elpf
Zij = ——— (2.31)
1-27
j=1

Then, Z;; = g+9(1—g) if ith and jth alleles are from same whale and Z;; = Ug+Ug(1—g)

otherwise.

When this link function was used for fitting the model, I encountered numerical diffi-
culties. Estimates of p; fell outside of the interval of [0, 1]. Thus, for numerical pfacticality,

1 propose using the logit link function:

Qi

v

). (2.32)

Notice that there is no need to estimate p;, for j = 1, - -, m where m is the number of alleles.

Suppose that genetic correlation varies smoothly with a covariate variable, X within
each substock, but the covariate does not induce correlation between alleles from separate
substocks. Let X;; be the yalue of the covariate measured for the 7jth allele pair. For the
bowhead data, one i@portant covariate is At,;, the temporlal separation of the ith and jth
sampled alleles. Other potential covariates are the age difference and the lenéth difference
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of the whale(s) providing the two alleles. For simplicity, I currently consider X;; = Aty;.

In order to motivate the class of models I propose, I again begin with the assumption
that f is linear in the covariate, so the value for a specific allele pair can be written as
f(Xij) = ao + 01X;;. This assumption is biongically implausible and not necessary for
my approach, but it is the simplest way to explain the idea behind my model. Later, I
will generalize this so f(Xy;) = s(X;;) for some smooth function s. Defining 9(Xi;) =

8+ f(Xi;) — 0f(Xi;), I can re-express Z as,
Zi; = 29(0) + 2(Ug(Xy;) — 9(0))8; — 9(0)* + (9(0)* — Ug(Xy;)*)y5, (2.33)

where d;; = 1 if alleles ¢ and j are from different whales and zero otherwise.

Substituting 4 = [9(0) + g(0)(1 — 9(0))] = [2a0 — o], m = (U = D, 72 = Wen(1 -

0)(1 — ap) and y3 = —Ua?(1 — 0)?, equation (2.33) can be simplified to
Zy = p+t 1105 + 12 X505 + 73Xi2j5ij~ , (2.34)

When (2.34) is evaluated at X;; = 0, allele pairs coming from same whale and pairs
coming from different whales have Z;; values of u and p + i, respecti\}ely. The concept of
hypothesis testing in previous sections remains valid here. If there actually is only one sub-
stock then «y; should be zero. If there exists two substocks then the allele match probability
for different whales consists of match probability for different whales from same substock
and that for from different substocks. The mixture of different gene pools décreases the
match probability when compared with the case of single substock match probabilities.
Thus, testing one substock versus the alternative hypothesis of more than one substock (in
our case 2 substocks) is equivalent to testing v; = 0.
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Clearly v, and -3 jointly quantify for the effect of X on allele match probability. The

effect of the covariate on f is tested by testing the null hypothesis of v = vy3 = 0.

2.2.3 Marginal Match Probabilities for Dependent Substocks

Case

Now consider the case when the covariate also affects the allele pair match probability
when alleles originate from different substocks. In this case, alleles drawn from different
substocks are no longer independent. For alleles originating from different substocks with

allele A; frequencies py; and py;, the A;A; match probability is

P(A;A;jmatch|alleles from different substocks)
= P(pop=1)P(14,=1|pop=1)P(14,=1|pop=2)

+ P(pop=2)P(14,=1|pop=2)P(14,=1|pop=1)

— nl . —_ .
= n1+n2(p1](f+(1 f)p25))
ng
+ n1+n2(p2j(f+(1—f)l’u))
Ty To
_ . F 4 (1= F)puipo; .
n1 +n2p1]f+ " +nng;f‘" (1 = f)p1p2;) (2.35)

where n; and n; are the sample sizes from substock 1 and substock 2, respectively, 14, is the
indicator that the allele is A;, and pop defines the substock the allele is drawn. Therefore,
the marginal probability of an A;A; match when alleles originate from different substocks
is

E[P(A;A;jmatch|alleles from different substocks)]
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nm

= Bl
71 + Ny
= pi(f+(1- f)Pj), (2.36)

pyf + nZPij + (1 = £)p15P2;]

since the p;; are independent with mean p;.

Thus the marginal probability of a match when alleles originate from different substocks

is the sum of (2.36) over all possible values of j, for j = 1,---,m. Thus,

E[P(match|alleles from different substocks)] = > [p;(f + (1 — f)p;)]

= fHa-pTA @)

Notice that the marginal probability of a match when alleles originate from the same
substock (and thus same whale) is not affected by the new assumption and so equation

(2.28) still holds.

Let U be the probability of two randomly drawn alleles being from same substock.
From (2.28) and (2.37), we find that the marginal probability of a match when two alleles

are randomly sampled from different whales is

P(match]alleles from different whales) = U(g+ (1—g)[g+ (1 — Z ;)

+ [ZPJf"‘ 1"f) ]

J_
m

=B+ Ul o=l -3 s) + (1-U)f ) (2.38)
j=1 7=1 ) j=1
Equation (2.38) can be viewed as the weighted average of the probability of a match

when both alleles are from the same substock and probability of a match when they are

from different substocks with weights U and (1 — U), respectively.
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2.2.4 Model for Detecting Stock Structure from Match Proba-

bili_ties

Let Y;; = 1 if alleles ¢ and j match, and Y;; = 0 otherwise. As before, the probability of
a match when alleles are drawn from the same whale is equivalent to the probability of a

match when alleles are drawn from same substocks. From (2.28), if the alleles are drawn

™z

from the same whale then Y;; is distributed Bernoulli(g + (1 —g)[g + (1 — g) 3 p3]). If the

1

j
alleles are drawn from different whales then Y;; is distributed Bernoulli( in: p2+U[g+g(1-
=1

I~ £ 91+ (1= U)f(1= 3 p2)])- Let Q= P(%; = 1) and

Z;; = log (T%) . (2.39)
ij .

Let us start again from the assumption of a linear relationship between f and X, where
f = ap+a1X,; and X is the covariate of interest over a range of (0,1). Then I can arrange

Z as
Ziy = 29(0) + 2(Ug(Xy;) = 9(0))8; = 9(0)° + (9(0)° — Ug(Xy)")b;; + (1~ U) S8, (2.40)

where 6;; = 1 if alleles ¢ and j are from different whales and 6,; = 0 otherwise. After

reparameterization, (2.40) simplifies to
Ziy = p+mnbi;+ 72X+ X200, (2.41)

where u = [2g(0) — g(0)3], 1 = (1 — U)[ao — 222 + f], 72 = 2Ua:1(1 — 6)(1 — ap), and
v3 = —Ua?(1—#)%. With the same reasoning as in the independent substocks case, testing
H, : v1 = 0 corresponds to testing for the existence of more than one population, and

testing H, : 7o = 73 = 0 amounts to testing whether the covariate X affects f.
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To summarize, I have developed two models for the binary random variables, Y;;, for the
case when there are more than two allele types. The models assert that Y;; ~Bernoulli(Q;;)

so E(Y;;) = Q;;. I have a link function,

Zi; = log (1 ?é) , (2.42)
ij

that does not require estimates of allele frequencies, and the linear predictor g(Q;;) =
B4 711055 4 7204 X5 + 'y3Xi2j5,-j. Together these are the components of a generalized linear
model in the binomial family with logit link function. Such a model can be fit easily in statis-
tical packages such as S-Plus dr R [25]. However, since the binary responses are dependent,
the parameter estimates from the fitted Generalized Additive Model are not Maximum
Likelihood Estimates and thus standard inferential procedures do not hold. Therefore I
use permutation ltestiﬁg to test h&pothesis about my parameters. Appropriate permuta-
tion tests of y; = 0 and v, = 73 = 0 can be used, respectively, to test the multiple-substock

hypothesis and the hypothesis that genetic similarity depends on the covariate X.

2.3 Multi-Allele Multi-Locus Case

For analysis of multi-locus data, we limit consideration to the case where each locus can
be considered as independent from the others. In other words, we assume no linkage among
loci. Let there be L loci and let £ for £ = 1.-- L index loci. Then the match probabilities
can be derived usiﬁg the same methods as above, but with an additional index of £. Further-
more,lhaving previously shown that independent and dependent substock assumptions lead
to the same generalized linear model, we treat only the independent substock case hereafter.
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2.3.1 Marginal Match Probabilities for Multi-Locus Case

When there are L loci, let Aﬁ and pfj and m’ be defined analogously to the single locus
case, for £ =1,---, L. Note that f is a function of the covariate, X, not of the locus. Thus,
across all loci g is defined as previously, i.e. ¢ = f+0— ff. Assuming loci are independent,

the allele match probabilities can be found separately for each locus. That is,

P(AZAZ |p“, alleles from same substock) = pU(g +(1— )pU) (2.43)

Let pU be independent random variables from a Dirchlet distribution with mean vector pJ,
for £ =1,..., L. If alleles drawn from different substocks are assumed to be independent
then the marginal probability of a match when two alleles at locus £ are drawn from different

substocks is

4

P(match|alleles at locus ¢ from different substocks) = (pJ) . (2.44)
j=1

3

If alleles drawn from different substocks are assumed not to be independent, i.e., the co-
variate also affects allele pair matching across substocks, then the marginal probability of

a match at locus £ when two alleles are drawn from different substocks is

[4

P(match|alleles at locus ¢ from different substocks) = f + (1 — f ) (p]) . (2.45)
1

3

[
Il

Let U be defined as the probability that two sampled alleles are from the same substock.
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Note that U is dependent on the number of whales in each sample and does not change

with respect to the number of loci and/or alleles. Thus, it will be a constant across loci

It follows that
m! m‘
P(match|alleles from different whales) = Z 2+ Ulg+g(1— ) (2.46)
j=1 j=1

for the case when the covariate does not operate across substocks and
(4

3

m!

Y +Ulg+g(1-g)l(1 -3 @)

[
1l
—

P(match|alleles from different whales)
]=1

+ (1-U)f1 -2 @)%

3

(2.47)

<.
Il
-

for the case of when the covariate operates across substocks
2.3.2 Model for detecting stock structure from match probabili-

ties

Again, we assume independent loci and apply the logit link function so

Y4
) : (2.48)

i

¢ _
Zij—log(l_

where Q is the probability that Yzﬁ = 1, where Yzﬁ is 1 if alleles drawn from locus ¢ match

and zero otherwise. Thus, the structure of a generalized linear model for Zf, is suggested

by these assumptions with the linear predictor

ZE = p+ Y00ij + Be + vebij + aodi Xij + 10X 7015 + 0663 Xij + 10 X045 (2.49)

where 3B ==X =2>1=0.
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If there is no substock structure, the match probability should not be influenced by the
source whale effect, d;;. Thus, the match probability for alleles drawn from same whale and
from different whales should be the same. That is, testing for single substock structure is
equivalent to testing the null hypothésis of vo = 0. To test the significance of the covariate

Xij, the null hypothesis of ap = 7o = 0 is tested.

2.3.3 Case When Genetic Correlation Is Smooth Function of Co-

variate

When developing the models thus far, I have assumed that genetic correlation is a linear
function of the covariate of interest. This assumption was for illustrative purposes and
is not necessary. Hefe I will consider the most general case of genetic correlation being
a smooth function of the covariate. That is, I assume that f = ao + a;s(X;;) for some
smooth function s, where X is the covariate of interest over a range of (0,1). Normally the
covariate is defined so that X = 0, when alleles originate from the same source whale. Let

@ and g be defined as previously, i.e,, g =0+ f — f6.

Notice that this change in the assumption about genetic correlation structure with
respect to covariate X does not affect the match probabilities. Therefore, for the single-
locus multi-allele case, equations (2.35)-(2.38) still hold. For the multiple-locus m-allele case
equations (2.43)-(2.47) still hold. The smooth function assumption influences the nature of
the linear predictor. Thus, the generalized linear model structure can be re-expressed as a

generalized additive model structure, and can be fit in S-Plus or R using the ‘gam’ function
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[55]. The linear predictor for the single-locus multi-allele case and multi-locus multi-allele

case are
Zij = p+ m10i; + Y20;58(X;;) - (2.50)

and
) zf = b+ Yoby; + $(Xe5)0i5 + Be + vebi; + Se(Xij)fSij (2.51)

respectively, where > G = > v = Y. sy = 0. Note that, since the binary responses are
dependent, the parameter estimates from fitting this model via GAM are not Maximum
Likelihood Estimates and thus standard influential procedures do not hold. Therefore I use

permutation testing to test hypotheses about my parameters.

2.3.4 Hypothesis Testing in Multi-Allele Multi-Locus Case

Hypothesis testing is similar to that given in the single-locus bi-allelic case. If two alleles
originate from the same whale than (2.51) leads to ij = p+ B, If there exists only a single
stock then the probability of two alleles from different whales at X;; = 0 should equal that
for -alleles fror-n the same whale, i.e., 7o + s(0) = 0. Testing for significance of the covariate
Xi; is equivalent to testing the significance of s because s(X) should be flat if the covariate

has no affect on match probability.

In order to perform hypothesis testing, I use permutation tests. If the single-population
hypothesis is assumed to be true then D;; should have no influence on match probabilities.
Therefore, shuffling of the columns in the dataset relating to D;; should have no effect.
The null distribution for vy + s(0) = 0 can be tested by reshuffling and reanalyzing the
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data. If the original estimate for vy + s(0) = 0 is very unusual with respect to the null
distribution then the null hypothesis is rejected and we conclude that there exists more

than one population.

In order to test the significance of the covariate, I shuffle the columns in the dataset
related to X. The reduced additive predictor is ij = p+Y00:5 + B+ vebi; + 5¢(Xi5)0:5. U X
does not influence f, then the test statistic —namely the deviance change between fitting
model (2.51) and the reduced additive predictor— should be insignificant. If this test statis-
tic is unusually different from the null distribution, then the null hypothesis is rejected and

we conclude that the covariate has a significant effect in explaining the correlation structure.

In addition to deviance tests, joint coverage null confidence bands can be used to test
the effect of the covariate. The pointwise confidence bands are computed from fits to the
null distribution and rescaled to be joint confidence bands. If the fits go outside these

bands then we conclude that the covariate effect is significant.

In the next chapter I introduce simulation methods for multi-allele multi-locus data
and the results of the analysis using my method. I also show performance of my method

by comparing results with competing methods.
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Chapter 3

Simulation Studies

In this chapter I will study how my model, developed in Chapter 2, performs in terms of
explaining population structure. This chapter is limited to simulated examples; Chapter
4 will present examples based on real data. I begin with a brief discussion of my data
simulation approach and a detailed discussion of various factors related to data simulation.
The bulk of this chapter describes results of models fitted to such simulated datasets. I
evaluate the various simulation results and explain the contributions of using my method in
terms of detecting population structure and the influence of the covariate. I also compare

the results with results from other potentially applicable methods.

My simulated datasets are generated using the allele match probabilities given in Chap-
ter 2. I'simulated pairs of individuals and the corresponding covariate value. My main inter-
est is the extent to which my method can distinguish the source(s) of correlation structure
in the simulated data. When there is Hardy-Weinberg disequilibrium, my method is de-

signed to distinguish several potential causes of it. That is, disequilibrium may be caused
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by substock structure, or it may be related to a covariate, or both causes may contribute to
disequilibrium. The effect of the covariate may occur in the presence or absence of multiple
substocks. The importance of determining the source of correlation structure is to avoid
default attribution of any and all disequilibrium to a Wahlund effect caused by multiple
substocks. In the simulation studies, I assume that the influence of the covariate on within
substock structure is the same in each substock for each scenario. In real applications it is

possible that- the covariate effect is isolated to one substock.

The data simulation starts with generating pairs of individual and assigning a covariate,
X, taking values in [0,1]. The covariate which influences f is generated as X = |U; — Uy|
where U; and U, are independent random variables from Uniform(0,1) distribution. I con-
sider two different functional relationships between the covariate and f. The simplest case
where f is a linear function of the covariate, i.e. f = f(X;;) = (1 —X)fmas- The more bio-
logically plausible second case allows f to be a nonlinear function of the covariate, namely
f(X) ={1-1(10/3)®|max(0, X — 1/5)]*[min(4/5 — X, 1)]3} fmez Where fyq. is defined to be

the strongest possible effect of the covariate on genetic correlation.

Note that 6 is used to simulate multistock data and takes values in [0, 1] too. If single
population data are simulated, i.e; if there is no substock structure, then 8 is set to zero for
data simulation. When both f and 6 centribute to genetic correlation, recall that the genetic

correlation is parameterized by a function of the covariate, namely g(X) = f(X)+0-0f(X).

The variation of allele frequencies among substocks has an important impact on our

ability to detect population structure. The severity of the between-substock differences in
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allele freqilencies is random. Therefore, I control the strength of the signal in allele proba-
bilities by introducing a Rerameter T. Let allele probabilities for each substock ‘be randomly
sampled from a Dirchlet distribution with mean vector pf for 2" locus. Define £¢ as the
T percentile of the dis_iributien Qf S where S is the chi-squared test statistic for testing
allele frequency homogeneity between two populations when cell counts exactly match the
p’. Then if €, o5 < S < &, the randomly drawn allele frequencies are said to have signal
strength 7. Thus, large values of 7 correspond to informative allele frequencies. I use 7 to
control signal strength when simulating allele frequencies from substocks. Quantiles like ££

are estimated via. Monte Carlo.

Once substock allele frequencies are simulated, each pair of individuals can be assigned
an allele pair using the allele match probabilities derived in Chapter 2. The binary variable
Y which is used as the response variable in my model equals 1 if alleles match and zero

otherwise.

Figure 3.1 displays the effect of 7 on allele match probability. This graph shows
Plmatch] as a function of the covariate X;; when the alleles originate from different whales
(solid line). The dotted line indicates the reference level of P[match] when alleles originate
from the same whale. The signal represented by the Wahlund effect indicating the presence
of multiple stocks is seen in these graphs as the vertical separation between the solid and
dotted line. As 7 decreases from left to right in Figure 3.1, we see that the slope of the
solid line does not change but the distance between it and the dotted line decreases. This

effect indicates greater difficulty detecting genetic signals due to stock substructure.
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Figure 3.1: Average true P[match] (across loci and replicates) for three choices for 7 when

6 =0.05 and fe, = 0.03 (top row) and when 8 = 0.01 and fmaz = 0.01 (bottom row).

3.1 Data Simulation

My method is flexible enough to be used in various cases consisting of microsatellite data.
To impose some structure on simulation testing, I consider simulating data similar to the
Bering-Chukchi-Beaufort Seas bowhead dataset. That is, my simulated data represent no
more than two subpopulations that have a spatio-temporal migration pattern. Further, I

consider difference in capture time as my covariate of interest, so allele pairs consisting of
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the two alleles from the same individual will have a covariate value zero.

Each whale is simulated once and assigned a genotype based upon genotypic frequen-
cies of the subpopulation it belongs to. Unlike with real data, multiple simulated pairings
involving the same whale are avoided for simplicity (for a discussion of some implications
of this choice see section 5.2.1). As discussed in the previous chapters, genetic correlation
is controlled by the function g(X) = f(X) + 0 — 6f(X). Next, random alleles are chosen
from each whale in the pair and they are used to determines the binary random variable Y.
Y equals one if the allele pair matches and zero otherwise. I assume no linkage among loci
and therefore simulate each locus independently. Accordingly, for each locus a new set of
allele frequencies are generated using the overall allele frequencies and Dirchlet distribution

parameter.

For allele pairs where both alleles originate from the same whale (“same-whale pair-
ings”), X is assigned zero because the covariate is a measure of the difference of a character-
istic between the whales. If the covariate was defined differently, e.g., averaging individual
values, then it might take a non-zero value for the same-whale case. In such situations, the

inferential strategy should be modified appropriately.

Below [ introduce the different factors and scenarios that were investigated to evaluate
the performance of my method when testing for population structure and for a covariate

effect. The factors considered in my simulation scenarios are

o Number of substocks: 1 or 2
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7: .95, .80 or .50

e 0 .05, .03, or .01

fmaz: .05, .03, or .01

Sample sizes for single population (n): 150, 75, or 38

Sample sizes for two population (ny,n2): (75,75), (38,38), or (113, 37)

o Number of loci (L): 5 or 20

e Number of alleles (m(®): 5 per locus, or Uniform(5,6,- - -,20) per locus

e pt=(pl, - ,pfn,;):.(al-,, S El;) or Dirchlet(1).

The baseline two population scenario consists of 8 = .05, fie = .03, (n1,n2)=(75,75),
5 loci with 5 allele per locus, p® = (1/5,---,1/5) and 7 = .95. The baseline for single pop-
ulation scenaric is the same as that of two population but consists of 8 = 0 and n = 150
instead of :..05’ énd (nl,n2:)=(75,75l). Each scenario is repeated 10 times, and 500 per-

mutations are used at each replicate to calculate the p-values. These choices were made to

keep the total computing time manageable.

[ have created some figures to help visualize the variation in match probabilities in
the simulation scenarios I have set up. Figure 3.2 shows the true match probabilities for
each locus and also averaged over the 5 loci, for the case when 8 = .05, fe. = .03, and
remaining parameters are at baseline values. The dotted line represents the true match
probability when both alleles are from the same whale. This actually is a point on the plot
since X = 0 for, this case and so the dotted line should be considered as a reference line.
The solid line 'rep'resents the true match probability when allele pairs are from different
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whales. Evaluating the plots, it can be concluded that the variation among loci can be
substantial. Next, Figure 3.3 shows the true match probability fit for the 10 replicates
averaged over the 5 loci and the match probability plot averaged over both 10 replicates
and 5 loci. Here, it can be concluded that between replicate variation in locus-averaged

match probabilities is quite low.

Locus 1 Locus 2 ' Locus 3
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Figure 3.2: True P[match| for each locus for the scenario with § = 0.05, fime, = 0.03, and
remaining parameters at baseline values. The final panel shows the average across loci.
Dotted lines indicate P[match] when both alleles are from the same individual, and solid

lines show P[match] when the alleles originate from different individuals.
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Figure 3.3: Average true P[match| (across loci) for each of 10 replicates of the scenario
used in Figure 3.2, along with the overall average over replicates. Dotted lines indicate
P[match] when both alleles are from the same individual,and solid lines show P[match]

when the alleles originate from different individuals.

As a basic check to confirm that my method provides reasonable estimates of the true
match probabilities, I examined Figure 3.4, which shows the fitted match probability plot.
These fits appear to be good estimates of the true match probabilities shown in Figure 3.2.

It is worth emphasizing that sampling variability in the estimate of the dotted line (i.e.
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same-whale match probability) is much greater than for the main portion of the model
(solid line). This is because the sample size for same-whale allele pairings is several orders
of magnitude smaller than for different-whale pairings. Thus, the reality-check provided by

Figure 3.4 pertains mainly to the solid line.
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Figure 3.4: Fitted P[match| for each locus for the scenario with § = 0.05, f., = 0.03, and
remaining parameters at baseline values. Dotted lines indicate P[match] when both alleles
are from the same individual, and solid lines show P[match] when the alleles originate from

different individuals.

To visualize the range of covariate signals captured by my simulation scenarios, [ created
Figure 3.5 (which focuses on two-stock scenarios). The same plots are given for one-stock

scenarios in Figure 3.6. For the single population scenario, the true match probability at
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X = 0 and that for same whale is the same. Thus, the dotted line and the solid line
intercept at the same point on the true match probability plots. In both single- and two-
population scenarios, the slope of the solid line determines the strength of the covariate
effect. It should be noted that allele pairs from different whales influence the slope and
allele pairs from same whales influence the intercept. The number of allele pairs from dif-
ferent whales is much more than the number from same whales, resulting in more power for
detecting significance of covariate than for detecting significance of population structure
through D;;. Since § = 0 for the case of no substock structure, the panels in Figure 3.6
represent cases of increasing f,., values (towards the right), with 6 kept fixed at zero. An
increase in f,,4z is associated with an increase in the magnitude of the slope of the different
whale match probability line. This figure shows that the one-population scenarios include

cases where it will be very difficult to detect the effect of the covariate.

In Figure 3.5, 0 vincreases towards the right. This results in a larger gap at the inter-
section of the two match probability lines. f,q, increases towards the bottom resulting
in steeper slope of the (solid) different whales match probability line. This figure shows
that the range of scenarios I examined includes many very challenging scenarios where the

signals my model is trying to detect are very small.
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Figure 3.5: True P[match| for two-population linear dependence with @ increasing from
left to right,ji.e. ¢ = 0.01,0.03 and 0.05, and f,,,, increasing from top to bottom, i.e.,
fmaz = 0.01,0.03 and 0.05, averaged over the five loci in each séenario. The effect of
increasing 6 is seen by comparing plots in the same row. The effect of increasing f.; is

seen by comparing plots in the same column.
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Figure 3.6: True P[match| for one-population linear dependence with 8 = 0, fh. =
0.01,0.03 and 0.05 averaged over the five loci in each scenario. The strength of the covariate

effect is related to the slope of the solid line.

3.2 Case 1: Single-population with Linear Dependence

of fon X

My first simulation study examines the case when there is only a single population and
the dependence of f on X is linear according to f(X) = (1 — X) fmas- For such datasets,
the model given in equation (2.49) was fit. Results are summarized in Table 3.1. This table
shows the median p-values for testing for an effect of X (the covariate) and D (indicating
multipl'e subpopulationé) over the 10 replicate runs of the indicated scenarios. Additionally,
coﬁnts of the numbers of significant p-values (at the 0.05 level) among the 10 replicates are
also given. It can be seen that my method usually detects significant covariate effects and
gives almost no indication of population substructure for the various scenarios. When the
effect of the covariate is quite small (f,.. = .01), Table 3.1 shows that the power to detect

the effect of the covariate is somewhat diminished. The smaller sample size (n; = 38)
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also show diminished power for detecting the covariate effect. When the number of loci is
increased to 20, the power of my method is considerably highér with p < 0.001 for every
replicate. Overall, ﬁy method performs quite well for the various changing parameters such
as 6, sample size and f,.2, and almost never commits a Type I error by falsely detecting

multiple stocks.

To check how well my model estimates the true match probabilities, I consider compar-
ing the true match probability plot given in Figure 3.7 and the fitted match probability plot
given in Figure 3.8. As mentioned previously, the dotted line represents the same-whale
match probability while the solid line is that for different-whale pairings. The small number
of same-whale pairings with respect to the number of different whale pairings explains the
larger variation in the same-whale match probabilities from one locus to the other. This
comparison again confirms that my code is correctly implementing the intended model and

estimation procedure.
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Figure 3.7: True P[match] for each locus for the single-population scenario with § = 0,
fmaz = 0.03, and remaining parameters at baseline values. Dotted lines indicate P[match]
when both alleles are from the same individual, and solid lines show P[match] when the

alleles originate from different individuals.

66

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Locus 1 Locus 2 Locus 3

g 4 3 4 L=
[=] =] [=]
T oo T oo T oo
i - =
B s g S E o
ox . x - a .
o |= == - ] 5& o I~ 7"°7°
N N N
o T T T T T1 o T T T rT11¢ o T T T T T7
o0 04 0B 00 04 08 00 04 0B
X X X
Locus 4 Locus &
2 5 3
(=] [=]
£ g £ 5
B & - E &
F o = T .
o |v= - S IT= ===
N § A~ === =
o T T 7T 11 o T T T 17 T71
o0 04 08B oo 04 08
X Xij

Figure 3.8: Fitted P[match] for each locus for the single-population scenario with 6 = 0,
fmaz = 0.03, and remaining parameters at baseline values. Dotted lines indicate P[match]
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alleles originate from different individuals.
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Table 3.1: One-population simulation results for fitting (2.49) to data generated with a
linear dependence between f and the covariate. Scenarios are specified by their deviations
from the baseline. The number of significances is the number of times out of the ten

replicates where the p-value did not exceed 0.05.

Scenario specification Median p-value Number of significances

for Xij for Dij for Xij for Dij

Baseline 0.000 0.404 10 1
=08 0.000  0.593 10 0
7=05 0.000  0.385 10 0
finaz = 0.05 ~0.000 0591 10 0
fmaz =005, 7=08  0.000 0.463 10 0
fmae = 0.05, 7=0.5  0.000 0.716 10 0
fmaz = 0.01 0.009  0.259 8 0
frmaz =001, 7=08  0.022 0.503 7 0
fmaz =001, 7=0.5  0.011  0.614 7 0
n, = 38 0.027  0.465 7 0
ny =38, 7=0.8 0.013  0.582 5 1
n, =38, 7=05 0.040  0.390 5 0
L=20 0.000  0.408 10 0
L=20,7=08 0.000  0.825 10 0
L=20,7=05 0.000  0.748 10 0
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3.3 Case 2: Two-subpopulations with Linear Depen-

dence of f on X

My second simulation study examines the case when there are two genetically distinct
subpopulations and the dependence of f on X is linear, as above. Some results for such
scenarios are given in Table 3.2. Generally, my method is most successful in detecting the
covariate effect for scenarios with fi.., > .01 and in detecting population structure with

¢ > .01 and = > .5.

In order to further examine the influence of varioqs factors, additional scenarios were
examined. These are summarized in Table 3.3, which breaks down the scenarios into three
groups. The first group of scenarios in Table 3.3 varies the number of alleles per loci and
lets allele frequencies vary among loci. This is more close to real data situations. The base-
line sample sizes, (n;,n2) = (75,75), vary in the second group of scenarios in Table 3.3.
Finally, the bottom section of Table 3.3 examines the power of detecting very small effects

by changing values for 8, f,.., number of loci, and allele frequencies.

Comparing the results in Table 3.2 to the results in Table 3.3, it can be seen that the
increase in the number of loci from 5 to 20 increases the detected significance of X;;. More-
over, when the number of alleles per loci are random, the significance of X; increases, while
a minor decrease in the significance of D;; is observed. Another comparative result relates
to the influence of sample size. There is an obvious decrease in the detected significance of

both X;; and D;; when sample size is decrease from (ny,n2) = (75,75) to (n1,ns) = (38, 38).
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Table 3.2: Two-population simulation results for fitting (2.49) to data generated with a
linear dependence between f and the covariate. All parameters except 8, fi.,, and 7 were
kept at baseline values. The number of significances is the number of times out of the ten

replicates where the p-value did not exceed 0.05.

Scenario specification Median p-value Number of significances
fraz 0 T for X;; for Dy for X; for D,;
0.05 0.05 0.95 0.000  0.000 10 10
0.05 0.03 0.95 0.000  0.000 9 10
0.05 0.01 0.95 0.000  0.000 10 10
0.03 0.05 0.95 0.005  0.000 9 10
0.03 0.03 0.95 0.000  0.000 9 9
0.03 0.01 0.95 0.000  0.000 10 9
0.01 0.05 0.95 0375 0.000 1 10
0.01 0.03 0.95 0.471  0.000 1 10
0.01 0.01 0.95 0.232  0.196 1 -2
0.05 0.05 0.80 0.000  0.000 10 ‘ 10
0.05 0.03 0.80 0.000  0.001 10 10
0.05 0.01 0.80 0.000  0.019 10 6
0.03 0.05 0.80 0.010  0.000 7 10
0.03 0.03 0.80 0.007  0.003 9 9
0.03 0.01 0.80 0.006  0.092 9 2
0.01 0.05 0.80 0.406  0.012 1 9
0.01 0.03 0.80 0.268  0.015 1 9
0.01 0.01 0.80 0.147  0.157 1 2
0.05 0.05 0.50 0.000  0.000 10 10
0.05 0.03 0.50 0.000  0.010 10
0.05 0.01 0.50 0.000  0.060 10 5
0.03 0.05 0.50 0.006  0.004 8 10
0.03 0.03 0.50 0.001  0.024 10 6
0.03 0.01 0.50 0.000  0.628 10 2
0.01 0.05 0.50 0.259  0.039 0 5
0.01 0.03 0.50 0.340  0.309 1
0.01 0.01 0.50 0.240 0510 3 0
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Table 3.3: Two-population simulation results for fitting (2.49) to data generated with a
linear dependence between f and the covariate; Scenarios are specified by their deviations
from the baseline. The number of significances is the number of times out of the ten
replicates where the p-value did not exceed 0.05. The first section explores more realistic
locus characteristics; the second section explores sample size; the third section explores

power to detect tiny effects.

Scenario specification Median p-value Number of significances
for X;; for D;; for X; for D;;
m® random 0.000  0.000 10 10
m® random, 7 = 0.8 0.000  0.000 10 9
m® random, 7 = 0.5 0.000  0.000 10 9
p¥ random 0.008  0.000 8 - 10
p® random, 7 = 0.8 0.030  0.001 6 10
p® random, 7 = 0.5 0.028 0.015 6 7
L=20 0.0006  0.000 10 10
L=20,7=08 | ~0.000  0.000 10 10
L=20,7=05 0.000  0.000 10 10
ny = ny = 38 ‘ 0.142  0.000 1 10
ny=n; =38, 7 =0.38 0.150  0.024 4 6
ny=ny =38 7=0.5 0.128  0.063 1 3
ny = 37, ng = 113 ' : 0.000  0.000 9 10
ny =37,ny =113, 7=0.8 0.001  0.007 9 7
n =37, n, =113, 7=0.5 0.000  0.030 10 6
ny =ny = 38, L = 20, m¥ random 0.000 0.000 10 10
ny =ny = 38, L =20, m® random, 7 = 0.8 0.000 0.001 10 10
ny = ny = 38, L =20, m® random, 7 = 0.5 0.000  0.001 10 9
6 = 0.01, frnee = 0.01, L =20 0.033  0.066 7 3
0 = 0.01, frna: =0.01, L =20, 7 =0.8 0.013  0.194 7 3
0 =0.01, fria =0.01, L=20,7=05 0.023 0.336 8 0
6 = 0.01, fmaz = 0.01, m® random 0.045 0.285 5 2
8 = 0.01, fnaz = 0.01, m® random, 7 =0.8 0.067 0.170 4 4
0 = 0.01, fraz = 0.01, m® random, 7 =0.5 0.100  0.241 2 2
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This decrease in the power due to smaller sample size is negated when number of loci is
increased from 5 to 20. When the sample size is changed to (ny, n2) = (37, 113) the signifi-
cance of D;; slightly decreases while that for Xj; slightly increases. Thus it can be said that
power of detecting population structure and the covariate effect is influenced by number of

loci, number of allele per loci, and sample size.

3.4 Cases 3 and 4: One and Two Subpopulations with

Nonlinear Dependence of f on X

In the previcus section, I simulated data such that there was a linear relationship be-
tween f and the covariate, X. My analysis method is flexible in that it is not restricted
to such a linear relationship. In this section I generate data such that f = f(X) =
{1 — (10/3)®[max(0, X — 1/5)}*|min(4/5 — X, 1)]3} fiaz Where frq. is as defined before.
Figure 3.9 shows a plot of this non-linear function for choices of f,..; equal to 0.01, 0.03
and 0.05. The shape of this function was specifically designed to mimic the findings of [42]
in some bowhead whale data, and to provide a challenging and biologically plausible test

of my approach.

As for this nonlinearity assumption, my baseline parameter values remain as described
in previous sections. Data simulation steps are also the same except that the linear function
is replaced by the nonlinear function of the covariate. Previously, p-values were calculated

using deviance tests. Here, I use both deviance tests and 95% joint confidence bands to
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Figure 3.9: Plot of the nonlinear function f(X;;) = {1 — (10/3)%max(0,X;; —

1/5)*[min(4/5 — Xy5,1)}*} frmaz Where fra. takes values 0.05,0.03 or 0.01.

calculate p-values, as discussed in Section 2.3.4.

To visualize the range of covariate signals captured by my simulation scenarios when the
linear function is replaced by the nonlinear function of the covariate, I created Figure 3.10.
fmaz increases towards the bottom resulting in an increase in the magnitude of the hump

seen in the different-whale match probability line. Similar to the case in Figure 3.5, # in-
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Figure 3.10: Average true P|match] (across loci and replicates) for six scenarios described

in the text.

creases towards the right resulting in larger gaps between the two match probability lines.
The range of scenarios I examined when f,,, is associated with a non-linear function of
the covariate include many very challenging scenarios where the signals my model is trying

to detect are very small.

The results for baseline and different scenario runs are given in Table 3.4. The fully
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Table 3.4: One- and two-population simulation results for fitting (2.51) to data generated
with a nonlinear dependence between f and the covariate. The one-population runs are in
the top portion of the table. Scenarios are specified by their deviations from the baseline.
The number of significances is the number of times out of the ten replicates where the
p-value did not exceed 0.05. For p-values, the column labeled ‘bands’ refer to assessing
significance from the joint confidence bands rather than the deviance test. For ILS, ‘any’
refers instances in which the effect of X;; was significant using either the deviance test or

the ‘bands’ threshold.

Scenario specification . Median p-value Number of significances

for X;; bands fqr D;; for X;; any for Dy

Baseline, one pop. 0.000 0.000 0.515 10 10 0
fmaz = 0.05 0.000 0.000 0.584 10 10 0
frmaz = 0.01 0.004 0.005 0.478 8 7 0
n; = 38 0.037 0.040 0.527 6 6 1
ny =75 0.000 0.002 0.519 10 10 1
Baseline, two subpops 0.011 0.006 0.000 | 8 8 10
6 = 0.05, frnaz = 0.05 0.000 0.000 0.000 10 10 10
6 = 0.01, fae = 0.01 0.477 0476 0.036 2 1 6
pt random , 0.147 0.128  0.000 3 3 10
m!¥ random 0.000  0.000 0.002 10 10 10
n=ng =38 0.156  0.121  0.001 0 1 9
§ = 0.05, fraz = 0.05, ny =np, =38 0.058 0.098 0.000 3 3 10
75
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general model given in (2.51) was fit. In the table, the column labeled ‘bands’ represents
the p-value from 95% joint confidence bands and ‘any’ represents the number of signiﬁcant
p-values using both deviance tests and 95% joint confidence bands. The top section of
Table 374 shows results for single—populatipn scenarios and the bottom section has results

for two-population runs.

The baseline runs successfully detect a significant covariate effect, in both single- and
two-population cases. Also for the baseline cases the results for population structure are
consistent with the underlying true stock structure, in that two stocks are detected in the

two-population scenario but not in the one-population scenario.

Comparing the baseline runs and other scenario runs, the influence of sample size, p(®
and different numbers of allele per locus can be seen. From the top portion of Table 3.4 it
can be seen that for the single population scenarios, decreasing sample size from n; = 150
to 75 has a small effect on the significance of the covariate effect and decreasing éample size
further has even more impact on detection of the covariate effect. For the two population
scenario, when sample size is decreased from n; = ny, = 75 to n; = ny = 38, the covariate
effect is no longer signiﬁéant. A similar effect can be seen when both 6 and f,,; is de-
creased to 0.01 for the two population scenario, resulting in decreasing power of detecting
significant covariate effect and D;;. This is expected since § = fima = 0.01 is a challenging

scenario for my model to detect.

In order to see how well my model fits the true match probabilities I plotted the baseline

scenario and the challenging scenario of § = f,,,, = 0.01. Figure 3.11 shows the true match
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probability plot for these two scenarios. The corresponding fitted match probability plots
are given in Figure 3.12. These plots show how effective my model fitting approach can be
for detecting the general shape of the covariate dependence, and also illustrates again the

extreme challenge of cases where f,,,. = 0.01

theta = 0.05, tTmax= 0.03 theta s 0.01, tmax= 0.01
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Figure 3.11: Average true P[match] (across loci and replicates) for two scenarios with
6 = 0.05, frmaz = 0.03 on the left side plot and 6 = 0.01, fimaz = 0.01 on the right side plot

having nonlinear dependence between the covariate and P[match].

Figure 3.13 shows the fitted match probability plots for the two-population baseline
scenario when f,,,. is associated with a non-linear function of the covariate. The plots
consist of nine replications of the baseline scenario. In all nine plots, there is an obvious
hump in the different whale match probability (solid) line. As can be seen from Table 3.4,
the covariate is not significant in only two of the 10 replications, one of which is plotted
in Figure 3.13 with the solid line staying within the 95% confidence band. Moreover, the
gap of the two match probability lines are large enough to detect population structure as

supported by results in Table 3.4.
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Figure 3.12: Fitted P[match] for two-population nonlinear dependence with 6 =
0.05, fmaz = 0.03 on the left side plot and 8 = 0.01, f;,4. = 0.01 on the right side plot. The

dotted curves represent estimated 95% joint confidence bands for the fit.
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Figure 3.13: Nine of the 10 fitted P[match]| plots for two-population non-linear dependence

baseline runs with 8 = 0.05, f,... = 0.03 and 7 = .95.
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3.5 General conclusions from simulation studies

From the results presented above, it can be concluded that my method is generally ef-
fective in detecting the genetic correlation structure and distinguishing the influence of the
covariate and the Wahlund effect. As with any statistical method, power is greater for
detecting strong signals than for weak signals. Strong signals correspond to large effect

sizes, large sample sizes, large numbers of variable loci, and so forth.

For all three major cases (namely, single-population with linear dependence, two-
population with linear dependence, and two-population with non-linear dependence), sam-
ple size has an important impact in detecting the significance of covariate effect and/or
Wahlund effect. The loss in power due to decreased sample size can be balanced by an
increase in the number of loci. For example, the results in Tables 3.2 and Table 3.3 for
fmaz = 0.01 and 6 = 0.01 show virtually complete failure to detect the covariate effect with
L = 5 but about 70% power to detect it when L = 20. Random number of alleles per loci
also seems to increase the power of detecting covariate effect. Uneven allele frequencies (i.e.
large values of || f¢ — -1/1||) p!¥ have a tendency to decrease the power. Neither random
number of alleles per loci or uneven allele frequencies has a major impact on the power of

detecting the Wahlund effect.

As a result it can be concluded that my method is successful in distinguishing the
sources of correlation structure under various scenarios such as changing sample size, num-

ber of loci, number of alleles per loci or random p®. Itis recommended that the number of
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loci be kept as large as possible, especially when the number of individuals data is collected

from is small.

3.6 Comparison with Related Methods

3.6.1 Tests for diséquilibrium

Here, I compare the performance of my method with several other methods for the anal-
ysis of microsatellite data. I use the same data analyzed above in the baseline scenarios,
obtained by saving 150 same-whale random allele pairs of the simulated baseline scenar-
ios. Since each baseline scenario was replicated 10 times above, this provides 10 replicate

datasets for analysis here.

My first apg;oach is to search for Hardy-Weinberg disequilibrium using the Monte Carlo
testing approach implemented in the GENEPOP package [47, 48]. These MCMC analysis
were run with chain lengths of 1 million, 1000 batches and 30,000 burn in. I obtained p-
values for each of the 10 replicates. Table 3.5 shows the p-values for one of the 10 replicates
for the three baseline runs. The heterozygote deficiency p-value is a one-sided p-value where
the alternative hypothesis is that there is a deficiency of heterozygotes. On the other hand,
the disequilibrium p-value is a two sided p-value where the alternative hypothesis is that
Hardy-Weinberg equilibrium does not hold due to deficiency or excess of heterozygotes.
For each of the three baseline scenarios, the p-values are given for each locus, followed by

an overall p-value in Table 3.5. The overall p-value is obtained via Fisher’s method [46]
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The results shown in Table 3.5 show significant Hardy—Weinberg disequi}ibrium for the
two-population cases but not for the one—popu}ation case. Moreover, the two-population
signal is easily detected at each separate locus. Therefore, it suffices hereafter to examine
only the overall p-values that are pooled across loci. This will permit us to examine more

easily performance across replicates.

Table 3.6 gives the overall p-values when each of the 10 single population baseline
replicates are analyzed. GENEPOP indicates significance 4 out of the 10 times. If positive
outcomes are interpreted as departure from Hardy-Weinberg equilibrium due to Wahlund
effect, then Genepop made four Type I errors. If significant outcomes are interpreted as
indicating a different source of heterozygote deficiency, then Genepop made 6 errors due
to lack of detecting this effect. Furthermore, this approach is not able to link any findings
to the effect of the covariate. In contrast, my method made only 1 Type I error detecting
a Wahlund effect. Furthermore, my approach is able to link the heterozygote deficiency to

the covariate on all 10 of the 10 replicate runs.

Table 3.7 and Table 3.8 show similar results for the two-population linear and non-linear
baseline cases, respectively. The GENEPOP p-values were significant and thus indicated
major departures from Hardy-Weinberg equilibrium. This is correct but is lacking any ad-
ditional information about the effect of the covariate. My method breaks down the source
of departure from Hardy-Weinberg equilibrium into a portion due to the influence of a
covariate and a portion due to Wahlund effect after controlling for the influence of the

covariate.
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Table 3.5: P-values for Hardy-Weinberg equilibrium tests for the baseline scenarios of one-

and two-populations with linear and non-linear dependence between f and the covariate.

One-Population

Locus Heterozygote Deficiency Disequilibrium
locus 1 0.3023 0.6096
locus 2 0.1179 0.6364
locus 3 0.5034 0.5111
locus 4 0.3623 0.3779
locus 5 0.1943 0.3714
All loci 0.6566 0.5084

Two-population with linear dependence

locus 1 <.0001 0.0002
locus 2 o 0.0003 <.0001
locus 3 0.0001 <.0001
locus 4 <.0001 <.0001
locus 5 ‘ <.0001 <.0001
All loci <.0001 <.0001

Two-population with nonlinear dependence

locus 1 0.0002 <.0001

locus 2 <.0001 <.0001

locus 3 0.0001 <.0001

locus 4 0.0011 <.0001

locus 5 0.0004 <.0001

All loci -~ <.0001 <.0001
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3.6.2 Permutation x? tests for allele frequency differences be-

tween strata -

Another common tool for the analysis of population structure using microsatellite data
is permutation x2 comparison of allele frequencies between strata. Such methods are im-

plemented, for example, in GENEPOP [47, 48}. Here, I examine this approach.

In practice the population identity is unknown and therefore a priori assignment to
strata for permutation x? analysis is largely a matter of guesswork unless assignment hy-
potheses can be generated from clear biological evidence or reasoning. Misclassification is
likely, and misassigninent of individuals to strata can influence inference about the popula-
tion structure. I will consider the effect of such misclassification as part of my comparative
Genepop analysis. Since the analysis method I propose in this dissertation does not rely
on population identity, such misclassification does not have any influence on the resulting

p-values..

For the GENEPOP runs, I consider three misclassification cases; (1) all allele pairs
are stratified correctly, (2) two-thirds of each substock is stratified correctly with the re-
maining animals mistakenly placed in the wrong stratum, and (3) half of each substock
is classified correctly while the other half is misclassified. The resulting p-values for each

case are given in Tables 3.9- 3.11. In all of the tables, p-values for my method are given
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Table 3.6: P-values for Hardy-Weinberg equilibrium tests using the one-population baseline

datasets with linear dependence between f and the covariate. All 10 replicates are shown.

My method p-value Genepop p-values

for X; for D;; for Heterz. Def. for Prob. Test
Repl <«.0001 0.5632 0.1579 0.5808
Rep2 <.0001 0.400 0.0111 0.4359
Rep3 <.0001 0.858 0.2478 0.7666
Rep4 <.0001 0.408 0.0185 0.6354
Rep5 <.0001 0.004 0.1207 0.0873
Rep 6  <.0001 0.294 0.0998 0.7058
Rep7 <.0001 0.984 0.1749 0.4100
Rep 8 <.0001 0.700 0.1219 0.0063
Rep 9 <.0001 0.378 0.0142 0.0122
Rep 10 <.0001 0.310 0.0305 0.6347
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Table 3.7: P-values for Hardy-Weinberg equilibrium tests using the two-population baseline

datasets with linear dependence between f and the covariate. All 10 replicates are shown.

My method p-value Genepop p-values

for X;; for D;; for Heterz. Def. for Prob. Test
Rep 1 0.018 <.0001 <.0001 <.0001
Rep2 <.0001 <.0001 <.0001 <.0001
Rep3  0.006 <.0001 <.0001 <.0001
Rep4 <.0001  <.0001 <.0001 <.0001
Rep 5 0.024 <.0001 <.0001 <.0001
Rep6  0.004 <.0001 <.0001 ‘<.0001
Reb 7 <.0001 <.0001 <.0001 <.0001
Rep 8  0.054 <.0001 <.0001 <.0001
Rep9  0.012 <.0001 <.0001 <.0001
Rep 10 <.0001  <.0001 <.0001 <.0001
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Table 3.8: P-values for Hardy-Weinberg equilibrium tests using the two-population baseline
datasets with non-linear dependence between f and the covariate. All 10 replicates are

shown.

My method p-value Genepop p-values

for X;; for Dy; for Heterz. Def. for Prob. Test
Rep1  0.038 0.000 <.0001 <.0001
Rep2 0.036 0.000 <.0001 <.0001
Rep3  0.002 0.000 <.0001 <.0001
Rep4  0.260 0.000 <.0001 <.0001
Rep5  0.010 0.000 <.0001 <.0001
Rep 6  0.082 | 0.000 <.0001 <.0001
Rep 7  0.002 0.000 <.0001 <.0001
Rep8  0.012 0.000 <.0001 <.0001
Rep 9  0.000 0.000 <.0001 <.0001
Rep 10  0.000 0.000 <.0001 <.0001
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as reference. From the results in the tables, it can be seen that misclassification rates
influence the power to detect allele frequency differences. In the two baseline scenarios for
two-population simulations in Table 3.10 and Table 3.11, when 50% of the same whale allele
pairs are misclassified, Genepop understandably can not detect allele frequency differences
in any of the 10 runs, while my method successfully detects two sources of genetic variation.
When a smaller portion of animals are placed in the wrong strata, the Genepop test for

allele frequency differences remains quite effective at detecting allele frequency differences.

3.6.3 The Structure program

Another method for detecting population structure is that used by the Structure program
[13, 29]. Structure uses Bayesian clusturing methods to assign individuals (probabilisti-
cally) to the pre-assigned number of populations (K). The main idea is that individuals
of unknown origin can be assigned to populations with respect to genotypic likelihoods
[16, 5]. Using allele frequency estimates, these likelihoods of a given genotype can be
derived for each population, i.e., estimated ancestry of the sampled individuals. Thus,
Structure assigns individuals to a population based on their genotypes under the assump-
tion that each population is under Hardy-Weinberg equilibrium and attempts to find the

population groupings that are as close to equilibrium as possible.

To test Structure here, I again use the 150 same-whale random allele pairs Qf,the simu-
lated baseline scenarios, each replicated 10 times and consider K = 2 clusters. The MCMC

approach is implemented using a chain length of 500,000 and 50,000 burn in. Structure
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Table 3.9: P-values for Hardy-Weinberg equilibrium tests using the one population simu-
lation with linear dependence between f and the covariate, replicated 10 times, with three

rates of strata misclassification.

My method p-value Genepop p-values with misclassification

for X;;  for Dy rate=0 rate=1/3 rate=1/2
Rep1 <.0001 0.532 0.6289  0.5408 0.1335
Rep 2 <.0001 0.400 0.4864  0.9676 0.7378
Rep3 <.0001 0.858 0.3518  0.9464 0.4288
Rep4 <.0001 0.408 0.1427  0.2684 0.3958
Rep 5 <.0001 0.004 0.7638  0.2363 0.1124
Rep 6  <.0001 0.294 0.1492  0.7275 0.7194'
Rep‘7 . <.0001 0.984 | 0.8534  0.5274 0.9388
Rep 8 <.6001 0.700 0.9906  0.8938 0.7955
Rep 9 <.0001 0.378 0.0510  0.3492 0.1540
Rep 10 <.0001 0.310 0.8581.  0.7703 0.8594
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Table 3.10: P-values for Hardy-Weinberg equilibrium tests using the two population sim-
ulation with linear dependence between f and the covariate, replicated 10 times with

misclassification rates of 2/3 and 1/2.

My method p-value Genepop p-values with misclassification

for X;;  for D;; rate=0 rate=1/3 rate=1/2
Rep 1 0.018 <.0001 <.0001 <.0001 0.8318
Rep 2 <.0001 <.0001 <.0001 <.0001 0.7140
Rep3  0.006 <.0001 <.0001  <.0001 0.1390
Rep4 <.0001 <.0001 <.0001 <.0001 0.4316
Rep 5  0.024 <.0001 <.0001 <.0001 0.5028
Rep6  0.004 <.0001 <.0001 <.0001 0.6069
Rep7 <.0001  <.0001 <.0001 <.0001 0.9703
Rep 8  0.054 <.0001 <.0001 <.0001 0.6180
Rep9  0.012 <.0001 <.0001 <.0001 0.4893
Rep 10 <.0001  <.0001 <.0001  <.0001 0.6526
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Table 3.11: P-values for Hardy-Weinberg equilibrium test using the two population simu-
lation with non-linear dependence between f and the covariate, replicated 10 times, with

misclassification rates of 2/3 and 1/2.

My method p-value Genepop p-values with misclassification

for X;;  for Dy, rate=0 rate=1/3 rate=1/2
Rep1  0.038 0.000 <.0001 <.0001 0.6503
Rep2  0.036 0.000 <.0001 <.0001 0.0332
Rep3  0.002 0.000 <.0001 <.0001 0.1341
Rep4  0.260 0.000 <.0001  <.0001 0.8562
Rep5  0.010 0.000 <.0001  0.0004 0.2975
Rep6  0.082 0.000 <.0001 <.0001 0.5791
Rep 7 0.002 0.000 <.0001 <.0001 0.8207
Rep 8  0.012 0.000 <.0001 <.0001 0.5131
Rep 9  0.000 0.000 <.0001 <.0001 0.1854
Rep 10  0.000 0.000 <.0001 <.0001 0.4684
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treats each individual as a cluster and combines the clusters that have the greatest shared
ancestry. Thus, unlike the method tried above, Structure assigns an ancestry estimate, or
an estimated cluster membership for each individual animal. T will use the percentage of

correct classification of individuals to clusters as a measurement of success.

Table 3.12-Table 3.14 display the average misclassification rates for the 10 replicates of
the three baseline scenarios. For the two population scenario, the median correct classifi-
cation rate for the 10 replicates was 89%. At first this sounds like a very good result but,
with respect to my goal of distinguishing the sources of genetic correlation, Structure can

not distinguish the effects of stock structure and the covariate.

For a visual illustration, a graph of individual ancestries for one of the 10 replicates
of each of the two-population baseline scenarios is given in Figure 3.14 and Figure 3.15.
These graphs are also known as Distruct graphs. Distruct is a graphical display of sub-
population assignment probabilities for the sampled individuals using the output from a
Structure‘ analysis [41]. As can be seen from Figure 3.14 and Figure 3.15, Distruct uses a
color scheme to distinguish the subpopulations and uses bars to display the membership
coeflicient of individuals. In both of the figures, a majority of the bars are predominantly
one color or the other; only a few bars indicate unclear ancestry. These plots can be eval-
uted with the assistence of the output. from Structure which gives membership coefficients
of each individual for the assigned cluster and the inferred cluster. For Figure 3.14, only
4% of the bars indicate assignment to a subpopulation different from the correct one. For
Figure 3.15, this reduces to 3.3%. Thus, for both graphs Structure signals more than one

subpopulation resulting in population structure. Although [51] suggests that Structure has
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Table 3.12: P-values for Hardy-Weinberg equilibrium tests using my method and misclas-
sification rates using Structure for the one-population simulation with linear dependence

between f and the covariate, for 10 replicate runs.

My method p-value Structure Misclassification
for X;;  for Dy pop 1 pop 2
Repl <.0001  0.532 0.500 0.500
Rep 2 <.0001  0.400 0.500 0.500
Rep3 <.0001  0.858 0.500 0.500
Rep4 <.0001  0.408 0.500 0.500
" Repb <.0001  0.004 0.500 0.500
Rep 6 <.0001  0.294 0.500 0.500
Rep7 <.0001  0.984 0.500 0.499
Rep8 <.0001  0.700 0.500 0.499
Rep9 <.0001  0.378 0.500 0.500
Rep 10 <.0001  0.310 0.500 0.499
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Table 3.13: P-values for Hardy-Weinberg equilibrium tests using my method and misclas-
sification rates using Structure for the two-population simulation with linear dependence

between f and the covariate, for 10 replicate runs.

My method p-value Structure Misclassification

for X; for Dy; pop 1 pop 2
Rep 1 0.018 <.0001 0.048 0.085
Rep2 <.0001  <.0001 0.069 0.053
Rep3  0.006 <.0001 0.031 0.040
Rep4 <.0001 <.0001 0.043 0.027
Rep5  0.024 <.0001 0.076 0.064
Rep 6  0.004 <.0001 0.054 0.079
Rep 7 <.0001  <.0001 0.102 0.068
Rep 8  0.054 <.0001 0.064 0.047
Rep9  0.012 <.0001 0.063 . 0.047
Rep 10 <.0001  <.0001 0.068 0.062
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Table 3.14: P-values for Hardy-Weinberg equilibrium tests using my method and misclassi-
fication rates using Structure for the two-population simulation with non-linear dependence

between f and the covariate, for 10 replicate runs.

My method p-value Structure Misclassification

for X;;  for Dy; pop 1 pop 2
Rep1  0.038 0.000 0.070 0.106
Rep2  0.036 0.000 0.077 0.091
Rep3  0.002 0.000 0.062 0.059
Rep4  0.260 0.000 0.076 0.095
Rep5  0.010 0.000 0.134 0.120
Rep6  0.082 0.000 0.060 0.090
Rep 7 0.002 0.000 0.061 0.067
Rep 8  0.012 0.000 0.040 0.045
Rep9  0.000 0.000 0.050 0.042
Rep 10  0.000 0.000 0.052 0.037
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weak power and can give misleading results, I did no observe that with my data.

1.00
0.80
0.60

0.20
0.00

Figure 3.14: Results from Structure (for K=2) for seventh replication of two-population

simulations with linear dependence.

It should be noted that GENEPOP, Structure and my method each have strengths and
weaknesses with respect to what is trying to be achieved. Although my method does not
provide classification of individuals to populations of membership, it has the advantage of
being able to distinguish genetic correlation due to a covariate effect and that due to a

Wahlund effect.
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Figure 3.15: Results from Structure for (for K=2) fifth replication of two-population sim-

ulations with non-linear dependence.
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Chapter 4

Applications to Real Data

In Chapter 3, I studied how my method performed on simulated datasets and compared
it with other related methods. In this chapter I show some applications to real data. I
consider two different datasets. The first analysis relates to possible population structure
in the Bering-Chukchi-Beaufort stock of bowhead whales, which is of interest to the Inter-
national Whaling Commission. I use my method to determine if there exists any substock
structure in this population and if certain covariates are associated with such population
structure. The second analysis pertains to a dataset about black-tailed prairie dogs in the
Central Plains Experimental Range and the Pawnee National Grasslands in Weld County,
Colorado. I investigate the population structure of these prairie dogs living in colonies and

compare results with other research on the same dataset.
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4.1 Bowhead Dataset

Bowhead whales are an important natural resource used by Native Alaskans for sub-
sistence and as part of their cultural heritage. The bowhead whales studied here live in
Bering, Chukchi, and Beaufort Seas regions of the north Pacific and arctic. Figure 4.1 is a
map of this region and the predominant migratory route (see Richardson [60] and Moore
et.al [52]). As a result of commercial whaling from 1848-1914, bowhead whales became a
highly endangered species, but in recent years their numbers are steadily rising [17, 27].
Recently, the International Whaling Commission has identified the importance of detect-
ing the population structure of bowhead whales in this region in order to better formulate

hunting regulations.

As illustrated in Figure 4.1, bowhead whales are believed to migrate to the north to
Beaufort Sea in the spring and migrate back to the south in the fall [23]. Various scenarios
have been suggested about their spatio-temporal migration pattern as well as their genetic
population structure. In order to investigate population structure, a genetic microsatellite
dataset has been developed [14]. These genetic data are obtained almost exclusively from
samples from whales killed during the annual fall and spring aboriginal subsistence har-
vests. Because this hunting occurs only at a handful of remote villages and only at certain
times of the years, the spatio-temporal distribution of samples is very poor and uneven. In
the most recent dataset, there are 173 samples of which 148 are from the Barrow region.
Table 4.1 displays a summary of the data with respect to the locations where whales were

captured (Barrow, Gambell or Savoonga). Figure 4.1 maps the area where these whales
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Table 4.1: Summary of the location where bowhead whales were captured within 1995-2005,

for samples in my dataset.

Barrow Gambell Savoonga

148 9 16

are sampled. Most of the bowhead whales were captured in Barrow region.

My analysis is focused on detecting substock structure when bowhead whales migrate
south, past Barrow region during the fall migration season and north, past Barrow region
during the spring migration season. I analyze the two datasets that consist of 112 fall

Barrow bowhead whales and 36 spring Barrow bowhead whales, each with 22 loci.

Although the conventional wisdom has been that Bering-Chukchi-Beaufort bowheads
constitute a single genetically well-mixed stock, a variety of alternative hypotheses have
been suggested. The Bering-Chukchi-Beaufort bowheads winter in Bering Sea and pass
whaling villages such as Barrow on their way north. It is unclear how many whales spend
time in the Chukotka region in spring. The whales summer in the Beaufort Sea until fall
when they head southward again. If it is assumed that bowhead whales intermix on com-
man winter breeding grounds but follow several diverse migratory routes during the rest
of the year, then the single-stock hypothesis holds. But different migratory routes and
spatial segregations may also represent geographically distinct substocks, in which case the

alternative hypothesis of more than one stock could hold [14].

If certain multi-stock hypotheses were true, the time of capture time during the fall at
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Figure 4.1: Map of possible migration route for Bowhead whales in the Bering-Chukchi-

Beaufort Seas during different seasons (www.north-slope.org/nbs/acmp/)
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Table 4.2: Numbers of bowhead whales captured at the Barrow region during the fall
season. The first and last capture day within each fall season at Barrow is given in the

final columns.

Number of captures First capture day Last capture day

1995 4 248 290
1996 18 254 270
1997 20 228 294
1998 1 267 267
1999 6 282 286
2000 7 270 277
2001 4 281 282
2002 19 273 298
2003 3 281 287
2004 15 262 297
2005 13 274 275

Barrow could have strong relationship with allele frequencies. Thus, capture time is poten-
tially an important variable in my analysis. Table 4.2 shows the yearly number of bowhead
whales captured at Barrow as well as the first and last capture day within the fall season
of that year. The range of capture time of the sarﬁples is no more than 66 days during a
year and no more than 70 days overall. The difference in first capture time from one year
to the other is mainly due to change of first day of fall hunting season and to year-to-year
variation in migration timing. The fall season capture times are generally centered around

the month of September.

Table 4.3 shows the yearly number of bowhead whales captured at Barrow as well as
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Table 4.3: Numbers of bowhead whales captured at the Barrow region during the spring
season. The first and last capture day within each fall season at Barrow is given in the

final columns.

Number of captures First capture day Last capture day

1995 4 126 152
1996 2 145 150
1997 8 124 155
1998 1 143 143
1999 8 118 143
2000 S 115 151
2001 8 118 134

the first and last capture day within the spring season of that year. The range of capture

time of the samples is no more than 36 days during a year and no more than 40 days overall.

Data were collected from tissue samples of the bowhead whales that were captured. Ge-
netic data consist of 11 and 22 variable microsatellite loci [14, 22]. There are two distinct
datasets because results found with the first dataset of 11 loci (chosen opportunistically)
motivated a 2-year research effort to develop an improved dataset of 22 new, arguably
superior loci. While [1] found significant heterozygote deficiency in several of the loci for
the first dataset, I was not able to find such an effect for the second dataset. The lengths

and capture times of the whales are also provided in both datasets.
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4.1.1 Corroboration of Results from Jorde et al. [42] using 11

loci dataset

Using 11 different loci on Bering-Chukchi-Beaufort Seas bowhead dataset of 85 whales,
Jorde et al. [42] found genetic similarity to be less between whales captured in the same
year 5 to 11 days apart than between those captured less than 5 or more than 11 days apart.
Although a biological explanation for this finding seems elusive, it is possible that such a
pattern could be induced by the temporally staggered migration of two genetically distinct
stocks past Barrow. I will use difference in capture time as my covariate when applying my
method to detect population structure using the bowhead whale datasets described above.
The exact dates of migration vary somewhat from year to year due to various factors such
as weather, ice conditions, and prey availability. Therefore I will base my analysis on all
possible pairwise comparisons of whales within the season and will not focus on a certain
group of whales with respect to fixed dates nor make cross-season comparisons of genetic

similarity.

Table 4.4 displays the p-values when my method is applied to the 11 loci fall and spring
bowhead dataset. Results for the fall 11 loci dataset are consistent with the findings of
Jorde et al. [42] in that there exists strong evidence of both significant covariate effect and
substock structuring. Figure 4.2 and 4.3 show the results in Table 4.4. In each plot the
intercept of the two solid lines are different enough to signal substock structuring. The
findings by Jorde et al. [42] of significant temporal effect is supported-in Figure 4.2 with

the solid curve going outside of the dotted 95% joint confidence band. The insignificant
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Table 4.4: P-values from my analysis of 11 loci fall and spring Barrow bowhead whales.

p-value

for Xij

using deviance using bands

for Xij for Di]’

using deviance

Fall dataset <0.001

Spring dataset 0.176

0.034 <0.001

0.086 0.010

covariate effect for the spring dataset is seen in Table 4.3 by the solid curve lying within

the 95% joint confidence band.

05
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0.0
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Figure 4.2: Fitted P[match] for the 11
loci fall bowhead whale examples, with
covariate being the difference in capture

times.
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Figure 4.3: Fitted P[match] for the
11 loci spring bowhead whale examples,

with covariate being the difference in

capture times.
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4.1.2 Application using 22 loci dataset

The Bering—Chukchi—Beaﬁfort Seas bowhead dataset of interest consists. of 22 different
loci on 112 fall and 36 spring bowhead whales. My analysis used 500 permutations, em-
ploying the testing methods described in Chapter 2. The resulting p-values are given in
Table 4.5. For both datasets, I found non-significant p-values indicating no evidence for
substock structure, and non-significant p-values for the covariate effect indicating no signif-
icant temporal pattern. Figures 4.4 and 4.5 show my findings by plotting the fitted match
probability using the model given in equation (2.49) for the two datasets. In both plots,
the intercepts of the two solid lines are similar enough to suggest no significant substock
structure, while the different whale pairing curve is within the 95% confidence band indi-

cating no significant covariate effect and thus no significant temporal pattern.

Thus, my findings are entirely negative. This is an important contrast.to the findings
of [42]. A possible explanation for this difference is that [42] used 11 loci on 85 whales,
whereas I used 22 different (and arguably superior) loci on 112 whales (including many of
the same 85). Indeed, when my analysis is repeated using only the whales and loci analyzed
by Jorde et al., as shown in Section 4.1.1, significant results are found. Another possible
reason for such a contrast to the findings of [42] is allele dropout occuring for loci and
primers not designed specifically for bowheads. As a result of allele dropout, the number of
homozygotes increases, signaling genetic correlation structure. Thus, if allele dropout has
occured in the 11 loci dataset, findings by [42] may have been caused by allele dropout and

not genetic correlation structure. For the 22 new loci developed specifically for bowheads,
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Table 4.5: P-values from my analysis of 22 loci fall and spring Barrow bowhead whales.

p-value

for XU for Xl] for DZ]

using deviance using bands using deviance

Fall dataset 0.084 1 0.376

Spring dataset 0.728 1 0.274

the likelihood (and apparent frequency) of allele dropout is much lower, and no genetic

correlation structure was found in my analysis.

Overall, my findings indicate that there is no substock structuring. That is, there
appears to be a single stock of bowhead whales migrating in the region of the Bering-
Chukchi Beaufort Seas. There is no within-substock genetic correlation structure related
to patterns of temporal separation. Under these circumstances, it is of interest to check

whether related tools such as GENEPOP and Structure are able to detect any substructure.

The GENEPOP results for the 22 loci fall and spring bowhead datasets are given in Ta-
ble 4.6. GENEPOP results are consistent with my results of no source of Hardy-Weinberg

disequilibrium.

When each bowhead whale was preassigned to a single population, results from an-

other related method, Structure [13, 29], are given in Table 4.7. As mentioned in previous
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Figure 4.4: Fitted P[match] for the 22
loci fall bowhead whale examples, with
covariate being the difference in capture
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chapters, Structure probabilistically assigns sampled individuals to predetermined subpop-

ulations using a Bayesian clustering approach. The corresponding DISTRUCT [41] plot is

Table 4.6: P-values for Hardy-Weinberg disequilibrium tests using GENEPOP for the fall

and spring Bering-Chukchi-Beaufort bowhead whales captured at the Barrow region.

GENEPOP p-values

for Heterz. Def for Prob Test for Hetrz. Excess

Fall dataset 0.11 0.47 0.21

Spring dataset 0.38 0.11 0.62
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Table 4.7: Inferred population rates using Structure for the 22 loci fall and spring Bering-

Chukchi-Beaufort bowhead whales captured at the Barrow region.

Structure Inferred Population Rates

pop 1 pop 2

Fall dataset 0.502 0.498

Spring dataset 0.501 0.499

given in Figures 4.6 and 4.7. The results in Table 4.7 show inferred population rates. These
rates provide no evidence against the single-stock hypothesis, supporting the results from
fitting my model to the 22 loci fall and spring Bering-Chukchi-Beaufort bowhead whale
stock captured at the Barrow area. I conclude that my method results are consistent with

those of GENEPOP and Structure.
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Figure 4.6: DISTRUCT plot for 22 loci fall bowhead whale dataset.
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Figure 4.7: DISTRUCT plot for 22 loci spring bowhead whale dataset.
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4.2 Prairie Dog Dataset

The prairie dog dataset consists of 155 individuals from 13 colonies in the regions of the
Central Plains Experimental Range and the Pawnee National Grasslands in Weld County,
Colorado. Data were provided by [30]. A summary of the dataset is given in Table 4.8.
Among the 155 individuals, 74 are from colonies in the Pawnee National Grasslands (with
colony labels 66-81) while the remaining 81 individuals are from Central Plains Experimen-
tal Range (with colony labels 5-29). Along with the number of individuals in each colony,
the number of years since recolonization and the area of each colony are given in Table 4.8.
There is an obvious correlation between colony age and colony size: colony size tends to

increase with increasing colony age.

Genetic data for 7 loci are provided for each sampled individual from each colony. Data
were collected from the 264km? area by trapping 3-16 prairie dogs per colony and taking
tissue samples. Considering the influence of landscape structure, various measurements
were taken to describe the physical distance between colonies. Among these, distance
between colonies along drainages was found to be the most important in a previous anal-
ysis of these data [30]. Figure 4.8 maps the region where colonies are located. Roads and

drainages which are used to compute physical distance measures are also shown on the map.

Previous research had reported moderate levels of substock structuring between colonies.
[30] modeled various genetic distance measures, one of which was Fsr/(1 — Fsr), using a

covariate as an independent variable. When both age of colony and drainage distance be-
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Table 4.8: Summary of the prairie-dog dataset.

Colony Number of individuals Colony age (years) Colony size (ha)

PNG 3 1 1.0
CPER 16 1 3.1
CPER 11 1 3.8
CPER 10 2 2.2
CPER 15 2 24
CPER 14 2 2.8
CPER 15 2 6.1
PNG 15 4 4.0
PNG 12 4 7.6
PNG 10 4 7.9
PNG 8 4 18.0
PNG 11 8 31.9
PNG 15 10 52.0
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Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



1{ VU? . "’{
‘ ‘:' //\' ’ :
7 ’..\‘ ;:" 78
,81 i": |
% | o
‘h( A AW ) NS
0 5 10 Kilometers

Colorado @ Prairie Dog Colonies

2 - Drainages
Study Area —— Roads

Figure 4.8: Map of 13 black-tailed prairie dog colonies, roads and drainages in the north
central part of Colorado. The colonies with site labels less than 50 are in the Pawnee
National Grasslands region while those with labels greater than 50 are in the Central
Plains Experimental Range region. The range of each colony is shaded on the map next to

the colony site label.
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tween colonies were used to predict genetic distance, significant relationships were found

[30].

As a result, [30] concluded that dispersal occurs among prairie dog colonies after re-
colonization. Moreover, this explained the relationship between colony age and genetic
distance. That is, earlier recolonized colonies are more genetically distant from each other

but with time, they become more similar.

My analyses of these data are designed to investigate the same questions addressed by
[30], using a different methodology. If my methods find results that are corroborate earlier
findings, this would serve to build confidence in my approach and would support the work
of those earlier researchers. Unfortunately, the covariates in the dataset for my analysis
relate to colonies, not to individuals (prairie dogs). This means that pair of individuals
in the same colony will be assigned the same covariate value. This is different than the

simulations in Chapter 3 and my analysis of the bowhead dataset.

I consider two versions of my model, each using a different predictor. In the first anal-
ysis, I use age differences (among colonies, as determined by recolonization time) as my
covariate to explain the population structure of the prairie dog population. My second

analysis employs mean age of colony pairs as the covariate.

If recolonization time has an influence in how much colonies are genetically distant,
then by using the difference in colony age as my covariate, my model will find significant

covariate effect. [30] used age as one of the variables predicting genetic distance. I will
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show that my method is flexible enough to use not only covariates in the form of difference

measures but also as any other function; in this particular case as the mean function.

As mentioned before in Section 3.1, when the covariate is a measure of pairwise differ-
ences, it takes the value zero for all same individual allele pairs. For the black-tailed prairie
dog application, this is still valid when the covariate is age difference among colonies but
does not hold for the case of mean age. Since colony ages vary, the mean age of the same
individual allele pairs will have the age of the colony as the covariate value. In match prob-
ability plots for the bowhead dataset, the same-whale match probability was a single point
at X;; = 0 with dotted lines shown for reference. This is still the case when the covariate
is age difference among colonies for the black-tailed prairie dogs but consists of more than
one point when the covariate is mean age. These points consist of same individual allele

pairs match probabilities at the covariate value of the colony ages.

This change in same-individual match probability also requires changes to the model
fitting and hypothesis testing approaches described in Section 2.3.3-2.3.4. After some ad-
justments to equation (2.51) (considering the varying same-individual paired allele match
probabilities), I fit the model in equation (4.1) for the case when the covariate is the mean

age of the colony.
ij =p+ '7051_7‘ + S(Xij) + ﬂe + ’Ygéij + Sg(Xij) ' (4.1)

respectively, where 3 8, = > v, = 3 s¢ = 0 and X;; is the mean age of the corresponding

colonies of the ij** allele pair. When allele pairs are from the same-colony, é;; = 0 and
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therefore equation (4.1) reduces to
ij = p+ s(Xi5) + Be + se(Xy)- (42)

If there exists a single stock, then the probability of two alleles from different colonies
should equal that for alleles from the same colony, i.e., 70 = 0. Thus, testing the single

stock hypothesis is equivalent to testing H, : 7o = 0.

Testing for the covariate effect is equivalent to testing the significance of s because s(X)
should be flat if the covariate has no affect on match probability. Thus, testing for the sig-
nificance of the covariate is carried out using deviance tests and null confidence bands as

explained in Section 2.3.4.

The resulting p-values after fitting my model using (2.51) when age difference is the
covariate and using (4.1) when mean age is the covariate, are given in Table 4.9. There
is significant covariate effect when either difference in recolonization time or mean age of
paired colony is used as a covariate. Both models indicated significant covariate effect as
well as when the confidence band method was used to find the p-value. Moreover, for
both cases, my model indicates no significant substock structure aside from the structure

associated with the covariates.

The fitted match probabilities for the two analysis are graphed in Figure 4.9 and Fig-
ure 4.10. The upper solid line is the case for individual pairs from the same colony, where
this line is for reference in Figure 4.9 representing a single point. The curved lower solid line

is the fit for different individual allele pairings, from different colonies with 95% confidence
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Table 4.9: P-values for tests of population structure and covariate effects using my method
for the black-tailed pvrairie dogs in the Pawnee National Grasslands and Central Plains

Experimental Range regions of Weld County, Colorado.

My Method p-value

for X; for X;; for D;;
covariate using deviance using bands using deviance
Difference in recolonization 0 0 0.946
Mean age of the colony pair 0 0.002 0.948

bands shown with dotted lines.

In both plots in Figure 4.9 and Figure 4.10, the curve lines go outside of the 95% confi-
dence bands, indicating significant covariate effects. Thus both difference in recolonization
time and mean age of colony pair have a significant association with genetic structure.
Since same-individual match probability is a single point when the covariate is difference
in recolonization time, the gap between the two solid lines at the intercept of Figure 4.9
is a measure of substock structuring. When the covariate is mean age, same-individual
match probability is no longer a single point at X,; = 0 but consist of a curve parallel to
the different-individual match probability curve. Therefore, the difference between these
two curves is a measure of substock structuring. Table 4.9 indicates that Figures 4.9 and

4.10 do not constitute evidence of genetically distinct substocks.
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Figure 4.9: Fitted model when covariate Figure 4.10: Fitted model when covariate

is difference in recolonization time is mean age of paired colony
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As a result of applying my method to the black-tailed prairie dog dataset, I have found
significant covariate effect in both cases where I assumed within substock genetic structure
is associated with difference in recolonization time or mean age. This is consist with the
findings of [30] who found significant association between genetic distance and ages of the
colonies. That is, older colonies are more genetically similar than younger colonies. More-
over, [30] stated that over time, colonies become more genetically similar due to dispersal

among colonies.

In order to test population structure of black-tailed prairie dogs, I have used hypothesis
testing and found no significant population structure. This result is consistent with the

findings of [30] in that no severe population structure was found.
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Chapter 5

Summary, Future Work and

Conclusions

In the previous chapters, I have developed a new method that models and tests the
genetic correlation structure of a population using microsatellite data. My model relates
within substock correlation structure to a covariate and detects genetic differentiation of
distinct substocks. My simulation results and applications to real data suggest that the
method can be useful in a variety of situations and has sufficient power to detect scientif-
ically interésting effects. Here I will make some general conclusions about this model and

make recommendations about what further methodological enhancements might be useful.
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5.1 Summary

In this dissertation I have developed a new method to model the genetic structure of a
population. A variety of methods have been developed to detect within or between substock
genetic structure, and I view my approach as an addition to this collection of tools, not as
a replacement for other methods. In my method I distinguish effects between and within
substocks and develop valid tests that determine their significance. My method is flexible
enough to be applied in various areas of research such as population genetics, forensic sci-
ence, and ecology, and is compatible with different types of genetic data as well as multiple
covariates. As with the black-tailed prairie dog example, the influence of environmental,

biological, and ecological factors can be tested using different covariates.

The method developed in this dissertation has made several contributions to statistical

genetics and population genetic science. These contributions can be summarized as:

1. The modeling approach was based on the paired alleles in the population. Difference
between same-individual allele pairings and different-individual allele pairings allow
estimation of population substructure. Although a few paired-individual approaches
have been suggested previously [39, 40, 42], none have the same degree of individual-

based allele matching. My approach represents a new strategy for madeling.

2. Unlike some other related methods, my method does not require user-specified specu-
lative stratification, nor does it require the number of substocks. While my approach

does not provide an estimated stratification, it does use the data to detect the effects
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of strata. In some cases, my method might be adjusted to test for the number of
substocks after detecting multiple substock structure throﬁgh the use of indicator
variables as co.variates to identify specific groupings. In this dissertation I have con-
sidered the overall Wahlund effect and have not considered estimating the number of

substocks influencing the occurence of Wahlund effect.

3. The within-substock correlation structure was related to a measurable covariate in
my model. Each allele pair had a corresponding covariate. Relating genetic variation
to covariates is usually done at the population level (e.g., [30]) and only rarely has
been attempted at the individual level (e.g.,[54]). The derivation of developing a new
testing procedure to test within substock correlation structure using this covariate

was given in Chapter 2, Section 2.3.4.

4. Aﬁalysis of real datasets revealed important biological conclusions about population
structure. In the application of black-tailed prairie dogs, we confirmed earlier findings
suggesting that recolonization time is associated with genetic similarity. In the case
of bowhead whales, when my method was applied to the 11 loci fall bowhead dataset
we found results confirming the results of Jorde et al. [42]. The analysis results for
the 22 loci fall and spring bowhead datasets show no evidence of population structure

or covariate effect, which is an important conclusion for wise management.
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5.2 Future Wor_k

There are many factors that influence the genetic structure within a population. When
developing this new method, I made some basic assumptions including: no genetic migra-
tion; mutation is not occurring; no natural selection; equally likely and well-mixed breeding,

etc. In real life some of these assumption may not hold.

In this section I will go over two important areas where I made simplifying assump-
tions that merit further consideration: the effect of sibship and the influence of linkage. I
also consider application using different genetic data, particularly Single Nucleotide Poly-
morphisms (SNP’s), and the case with mulitiple covariates. These are areas for further
research, and possible adjustment to various aspects of modeling and testing that was used
in this dissertation. After giving definitions of what these factors are and their influence
on the dynamics of a population, I give recommendations on how to approach these cases

to include their impact on my method.

5.2.1 The Sibship Effect

When two individuals share a mother or father they are said to be siblings. Having
siblings in a population has an effect of increasing the proportion of individuals that share
similar genes. Therefore, when alleles are randomly chosen from two individuals, the prob-

ability of getting a match is higher. when the individuals are siblings than when they are
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not. Thus, it is important to consider the effect of siblings when modeling match prob-
abilities. In the bowhead whale application, the population is large (estimated 10,585 in
2001 [27]) relative to the sample size of 112, however sibships within the dataset cannot be
wholly discounted because (i) some whales may travel in loose familial groups, and (ii) the
population has recovered from a very small size since 1914 yet estimated bowhead lifespans
can exceed 150 years [31]. In the prairie dog dataset, sibships are also a possible question.
Colony sizes are moderate and spatially isolated. Although black-tailed prairie dogs repro-
duce at a much faster rate with respect to bowhead whale, they consist of metapopulations
which become extinct after plague episodes. Thus, the influence of sibship might have an
influence on genetic population structure, but this influence might not be as significant due

to the metapopulation property of black-tailed prairie dogs.

In order to measure the performance of my method when there exists siblings, one
would naturally turn first to simulation studies. In Chapter 3 I simulated individuals as
pairs and thus did not have complete genetic data for each individual. The reason for this
approach was to create gene pools that mimic the real-life case under the assumption of no
linkage, using a far simpler simulation strategy permitted by that assumption. The dataset
consisted of pairs of alleles from the paired individuals, of only a single locus per case. The
corresponding covariate was also generated for the pair, not for the individuals themselves.
Although these shortcuts simplified and speeded up the computation while still providing
the correct genetic frequencies and correlation structure under the no-linkage assumption,

they had the disadvantage of not providing complete data for each individual in the dataset.

. Below I describe two approaches to creating genotypic data for offsprings. As I will
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show, problems arise not in the simulated breeding,vbut instead in attempting to create
allele pairings, and genetic structure related to the covariate.

(1) It is possible to create certain offspring from £he curreht simulated data. When same-
individual allele paifs were simulated, the two alleles from each parent are simulated and

known. By crossing the two parent genotypes, offspring siblings genotype can be simulated.

Next, the siblings would need to be paired with every other individual in the dataset.
Since the covariate is (typically) a measure of the difference between covariate values for
the individuals constituting the pair, same-individual allele pairs are assigned covariate
values of zero. The first problem now arises: do offspring inherit their covariate values
from their parents. If not, this approach is stymied. The next problem arises when the
offspring are paired with every other individual. What covariate values should the pairs
be assigned? This is crucial since the covariate is supposed to be related to the correlation
structure within the substocks. In order to accurately measure the influence of siblings
these covariates need to be accurate. In the case of using same-individual pairs, this is not

possible.

(2) It is also possible to create offspring siblings from the different-whale simulated
data. When different individual pairs from different populations were simulated, each in-
dividual was first assigned a genotype. Next, an allele from each genotype was chosen and
the binary variable Y was assigned a value depending on whether or not the two glleles
matched. Table 5.1 shows an example of how single-locus data for two allele pairs (where
the alleles originated from separate substocks in this case) is represented in the dataset.

Notice that the genotypes for the two individuals are available.
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Table 5.1: Portion of simulated dataset for two allele pairs where in both cases the al-
leles originated from different populations. The first two ‘columns are for the individual
contributing the first allele in the pair and the 3™ and 4" columns are for the individual
contributing the second allele in the pair. POP represents the population of origin for each
individual and GEN represents the genotype of the corresponding individual. ALLELE 1
is the randomly chosen allele from the genotype in the 2"¢ column while ALLELE 2 is the
randomly chosen allele from the genotype in the 4** column. If ALLELE 1 and ALLELE 2
match, Y is assigned 1, therewise it takes the value zero. The covariate for the allele pair
is randomly assigned from a Uniform (0,1) distribution. Of course, the genotypes are sim-
ulated after the covariate has been drawn, in order to ensure the desired genetic structure.

Only the covariate and Y are needed to fit my model.

POP GEN POP GEN ALLELE1 ALLELE2 COVARIATE Y

POP1 AA POP2 AB A B 0.170 0

POP2 AB POP1 BB B B 0.014 1

For the case in Table 5.1, offspring can be generated as foilows. The genotypes of the
parents are determined by choosing the genotypes in the same populations. Tﬁat is, off-
spring in POP 1 can be generated by crossing the genotypes AA and BB, while offspring in
POP 2 can be generated by crossing AB and AB. Thus,-it is possible to create siblings and
their genotype. Again, however, the covariate of thé allele pairs related to such offspring
cannot be found. As a result, it is not possible to pair up the siblings with theA individuals

and measure their influence.
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As can be seen in both of the cases given above, it is possible to create offspring and
siblings, and their genotypes. The fundamental problem arises because I have not used an
evolutionary model to simulate populations through time, incorporating a mechanism to
introduce the covariate effect. I also have not created datasets that literally compare each
individual to each other individual at each locus. If the loci are not linked, then separate
comparisons between different individuals at three loci are comparable to comparisons be-

tween the same two individuals at those three loci.

My avoidance of a full evolutionary model was a practical choice. It is unclear whether
any such model exists for simulation of the sort of data needed to test my analysis approach.
I am aware of one group of scientists at the National Marine Mammal Laboratory in La
Jolla who are attempting to code such a model. Their work is not yet suitably advanced for
use here. My simulation approach does provide the correct allele frequencies and genetic
correlation structure for the instant in time when the data are sampled. The simulation of
these data requires only brief CPU time, which enables the generation of a large number
of datasets for testing estimation performance under different scenarios. Unfortunately,
offspring and siblings cannot be generated from these data without losing the connection

to the covariate.

My decision not to create datasets by comparing each individual with each other in-
dividual was also a practical one. In real applications, including those discussed in this
dissertation, the intended use of my model is for such all-possible-pairings data. However,

the shortcut I employed allowed me to generate genotypes for individuals in a pair because
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I needed to worry only about the covariate value for that pair. Thus, I could determine
allele frequencies and match probabilities for only that pair of alleles, separately of what
was simulated for other allele pairs. Suppose I had instead attempted to generate all-
possible-pairings data. Then, the alleles for the first individual would need to be drawn in
such a way that they had the correct match probabilities with the alleles from each other
individual, based on every other individual’s covariate value. The same requirement would
hold for each of the other individuals. To ensure all the right correlation structure would
be impossiBle without a full evolutionary model, and even then it is extremely difficult to
imagine how to parameterize such a model to yield current genetic structure of exactly the

desired nature and strength.

Although it is difficult to envision how to simulate complete genetic data of the de-
sired sort, it is not as difficult to imagine that such structure can exist in real populations.
Genetic variation over space is well-known in many populations [42], so if the covariate is
related to spatial separation, then models like miné are one natural approach. In the case
of the bowhead whale or other populations that have passed through severe bottlenecks, it
is possible that a covariate related to age may capture the signal ;)f genetic drift caused by

the bottleneck.

5.2.2 The Influence of Linkage

Unlinked loci are independent. If two loci exhibit linkage, the distance between loci on

the chromosome can be used as a measure of their correlation or linkage.
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One assumption that is made when generating data is that there is no linkage among
loci. That is, that loci are not correlated with each other. Using GENEPOP I found no
evidence of linkagé in the Fall 2'006 bowhead whale dataset. The same results hold for the
black-tailed prairie dog dataset. Under this assumption of no linkage I -was able to generate

each locus independently for my simulation studies.

The assumption of no linkage among loci also brought an advantage in how the general-
ized additive model was fit. Since the loci were considered to be independent, the response
outcomes from different loci were modeled as independent. When linkage is present these
outcomes are not independent and adjustments to the analysis method would be needed.
One solution might be to merge the information in the correlated loci. That is, if two loci

are correlated, instead of coding Y as a binary variable, assign it values as follows:

0, if ith and jth alleles do not match in either loci

Yi;; =14 1, if sth and jth alleles match in only one of the loci (5.1)

2, if 4th and jth alleles match in both of the loci.

This change in the Y variable would require changing the structure of the generalized
additive model and its link function. McCullough and Melder [44], discuss the analysis of
polyamous data in generalized models; analogous ideas would pertain to generalized addi-

tive models.
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An alternative approach suggested by Robin Waples (pers commn) is to pair multi-
locus gametes instead of single-locus alleles. In addition to handling such linkage, such an

approach might also provide greater statistical power (but also greater complexity).

5.2.3 Application To Other Types of Genetic Data : SNP’s

In this dissertation the main focus of application was microsatellite genetic data. My
method is flexible enough to be applied to different types of genetic data. Single Nucleotide
Polymorphisms (SNP’s) are a type of genetic marker that is used for various areas of re-
search. It is defined as a small change in genetic pattern or variation in a person’s DNA
sequence [18] as follows. A segment of DNA consists of a sequence of nucleotides among
AT.G, and C. A SNP is a DNA sequence variation occurring when a single nucleotide -
A, T, C, or G - in the genome (or other shared sequence) differs between members of a
species (or between paired chromosomes in an individual). For example, two sequenced
DNA fragments from different individuals, AAGCCTA to AAGCTTA, contain a difference
in a single nucleotide. In this case there are two alleles: C and T. This is especially im-
portant when such a genetic change effects the coding for protein production since it may

influence the biological functioning{18].

When SNP is located on a chromosome, the corresponding nucleotides, A, C, G or T,
are coded and used as genetic data for that individual. This is done for all individuals in

the population. SNP can also be displayed as diploid data by considering the allele pair on
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the corresponding locus. In the latter case, my method is applicable by creating pairings
of éach individual. This proyides the opportunity for comparison of the probabilities of
SNP allele (i.e. nucleotide) matchings between and within individuals, and for relating
the former probability to a covariate. Conceptually, therefore, SNP data can be analyzed
using the same framework presented in this dissertation, after the data have been suitably

organized.

5.2.4 Multiple Predictors

For simplicity I have applied my method to cases where a single covariate is of interest.
My method is flexible enough to be used with multiple covariates. Of course, simple ad-

justments to the hypothesis testing methods will be needed.

Let X;; and W;; be two covariates that are related to the genetic correlation structure
within substock; i.e. f = ao+ a15(X;;) + s(W;;). Let 8 and g be defined as previously, i.e.
g = 0+ f— f6. Note that the change in the assumption about genetic correlation structure
with respect to the covariates does not affect the match probabilities. Thus, equations
(2.43-2.48) still hold. The generalized additive model defined in equation (2.51) is revised

to be
ij = w4 Y005 + $(Xij)0ij + s(Wij)0i; + Be + vebij + se(Xiy)0i5 + 56(Wij)6is (5.2)

where 3" 3, = Y. v¢ = X s¢ = 0. Note that, since some of the binary responses are de-

pendent, the parameter estimates from fitting this model via GAM are not Maximum
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Likelihood Estimates and thus standard testing procedures can not be used. Therefore

permutation testing needs to be used to test the parameters.

Testing for population structure and testing the significance of X;; are the same as
described in Section 2.3.4. In addition, the significane of W;; needs to be tested. Similar to
the procedure for testing W;;, the columns in the dataset related to W;; are shuffled. The
reduced additive predictor is Z;; = 1+ Yo8;; + 8(Xi5)8i5 + Be + vedi; + s¢(Xi;). If Wi; does
not influence f, then the test statistic —namely the deviance change between fitting model
(5.2) and the reduced additive predictor— should be insignificant. If this test statistic is
unusually different from the null distribution, then the null hypothesis is rejected and we
conclude that the covariate has a significant effect in explaining the correlation structure.
In addition to deviance tests, joint coverage null confidence bands can be used to test the

effect of W;;. If the fits go outside these bands than we conclude that W;; is significant.

In Chapter 3, accuracy of the model fits were evaluted by visually comparing the true
match probability plots and the fitted match probability plots. These plots can also be
used when there are multiple predictors explaining the genetic correlation structure. In
addition to these plots, classical diagnostic methods can be used to check for goodness-
of-fit, overdispersion or linearity. Perhaps the most important question related to model
diagnostics is goodness-of-fit. It is beyond the scope of this discussion to fully address this
question, however, there are various methods based on estimating the dispersion parameter
for testing over-dispersion [44]. One should be cautious in applying some of these methods

in my simulations since the binary responses are correlated.
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5.3 Conclusions

In this dissertation, I have developed a new method that detects, models and tests
the genetic correlation structure of a population .where some within-subpopula‘tion genetic
structure can be explained by a covariate. The modeling approach is based on match prob-
abilities of allele pairs (noting whether the source whales are the same individual or not)
and does not require pre-specified population identity strata. The significance of effects
attributable to population substructure and to the covariate is determined by permutation

testing.

With a suitable covariate choice, my method can be used to determine spatial and/or
temporal effects. In Chapter 4, a spatial effect was detected using black-tailed prairie dog
dataset. When age difference of paired colonies were used as covariate, there was no sig-
nificant effect, but when mean age of paired colonies were used as covariate, a significant
covariate effect was found. The bowhead analysis focused on genetic patterns associated

with temporal separation in a migration path.

The method developed in this dissertation is intended to complement —not replace—
other methods for detecting population structure. My method has an advantage of not
requiring prespecified strata, and permitting inference about the effect of covariates. How-
ever, my method does not provide estimated assignments of individuals to strata, nor does it
provide a direct means for estimating the number of subpopulations present in the dataset.

Simulation results and real data applications shown here suggest that my method had ad-

133

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



equate power to be a useful new tool for the detection and analysis of genetic population

structure.
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