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Genetic admixture occurs when two or more previously isolated populations 

combine to form an admixed population. The study of admixed populations can provide 

valuable insights into the complex relationship between environmental exposures, genetic 

background and complex traits. Gene mapping by linkage admixture disequilibrium, or 

admixture mapping, is a powerful approach for the identification of genetic loci 

influencing complex traits in ancestrally diverse populations.  Admixture mapping 

leverages genomic heterogeneity among sampled individuals for improved gene 

discovery, where genetic loci with unusual deviations in local ancestry and that are 

significantly associated with a trait are identified. Admixture mapping can serve both as a 

primary method for discovery of novel genetic variants and as a complement to 

association mapping. In this dissertation, we thoroughly investigate the performance of 

existing statistical methods used for admixture mapping and we develop new methods 

that improve upon existing approaches.  We also characterize the correlation structure of 

genetic loci in admixed populations and develop new genome-wide significance 



thresholds for admixture mapping under a range of models that should be useful for the 

future studies.  Using real genotyping data in a large sample of African Americans, we 

find evidence of assortative mating, and in simulation studies with simulated phenotypes, 

we demonstrate that ancestry-related assortative can induce genome-wide inflation of 

admixture mapping test statistics and false positive associations. We also show how to 

appropriately adjust for this inflation and protect against spurious admixture associations. 

Finally, new linear and logistic mixed model methodology is developed for admixture 

mapping of quantitative and binary traits, respectively, in the presence of relatedness and 

population structure. We evaluate the performance of these methods through extensive 

simulation studies.  The methods are applied to large-scale genetic studies of African 

American and Hispanic/Latino populations for genome-wide admixture mapping 

analyses where novel candidate loci for a variety of biomedical traits are identified.  
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Chapter 1 

INTRODUCTION 

The vast majority of genetic studies have been carried out in subjects from 

relatively homogenous European populations [1]. More recently, in an effort to capture 

additional genetic diversity that may be absent or present only at low frequencies in 

Europeans, a growing number of studies have been conducted in diverse populations [2-

8]. Including individuals from diverse populations in genetic studies for diseases can help 

to ensure that clinical applications will benefit the greatest number of people, regardless 

of racial background. Genetic studies in non-Europeans often involve admixed 

populations, such as African Americans and Latinos, with recent ancestry derived from 

two or more ancestral populations from different continents [9-17]. Population admixture 

results in the combining of genomes from previously isolated populations that may have 

differing allele frequencies across the genome as a result of selection, mutation and 

genetic drift [18-20]. Admixed populations exhibit genetic variability at both the global 

and local level, with total proportional ancestry as well as inherited locus-specific 

ancestry varying from individual to individual [21-25]. 

Genetic studies in recently admixed populations can provide valuable insight into 

novel risk factors contributing to disease as they yield information on varying degrees of 

exposure to both genetic and environmental factors [26-30]. For example, a genetic 

variant that is fixed at opposite alleles in two populations cannot be identified as a risk 

variant by examining subjects from either population in isolation because the association 

with the variant is completely confounded by ancestry. An admixed population has the 

genetic variability required to separate genetic and environmental ancestry effects. Gene 

mapping by linkage admixture disequilibrium, or admixture mapping, is a powerful 

approach for the identification of genetic loci influencing complex traits in ancestrally 

diverse populations.  Admixture mapping leverages genomic heterogeneity among 

sampled individuals for improved gene discovery, where genetic loci with unusual 

deviations in local ancestry and that are significantly associated with a trait are identified 

[31].    



This dissertation develops methodology for admixture mapping in the presence of 

complex population structure and arbitrary relatedness patterns. The specific aims for this 

dissertation research are as follows:  

• Compare the limitations of existing theoretical and simulated approaches to 

genome-wide testing significance thresholds for admixture mapping, and provide 

insight into approaches that can be used in realistic data settings for admixture 

mapping.  

• Investigate the impact of long-range admixture linkage disequilibrium (LD) on 

the behavior of test statistics in admixture mapping and provide a method for 

correcting any potential inflation due to structure and/or non-random mating.  

• Develop and evaluate linear and logistic mixed model frameworks for admixture 

mapping that allow for cryptic relatedness and population structure in admixed 

populations with ancestry derived from two or more ancestral populations.  

 

1.1 Genome-wide Significance Thresholds in Admixture Mapping  

In addition to background LD inherited from a population, admixed populations 

exhibit another form of LD, known admixture-LD or ancestry-LD, caused by the mosaic 

nature of admixed genomes [32]. Admixture-LD is the correlation of local ancestry 

values within a genomic region inherited from a non-admixed ancestor that has not been 

broken up by recombination [33]. In each successive generation of random mating, 

recombination will break up blocks of local ancestry. The admixture-LD within present 

day admixed populations, such as Latinos and African Americans, will be high for loci 

with a close genetic distance and lower for loci further apart. The critical value for 

genome-wide significance level of admixture mapping is substantially lower than that for 

a genotype test because the admixture-LD greatly reduces the number of independent 

tests in a genome-wide admixture mapping scan. Genome-wide association studies 

(GWAS) use a stringent p-value threshold, often 5×10!!, which is derived from the 

consideration of a Bonferroni correction for one million SNP tests [34]. We consider 

several options for the genome-wide significance threshold including those based on real 

and simulated data, and discuss the justifications and advantages of each method.  



Siegmund and Yakir [35] developed a theoretical framework for modeling the 

distribution of local ancestry and their corresponding admixture mapping test statistics 

within admixed populations derived from two ancestral populations. Assuming random 

mating, they show that the joint distribution of a pair of admixture mapping test statistics 

follows an Ornstein-Uhlenbeck process that depends on the number of generations since 

the admixture event and the recombination fraction between the two loci. In particular, 

this distribution does not depend on the overall admixture fractions or proportions of 

ancestry in the admixed sample population and is therefore generally applicable to all 

admixed populations that share the generation same time. This implies that we could use 

one genome-wide significance threshold for all African American populations if we 

believed they shared a common admixture event. This threshold approach is appealing 

because it lends itself to comparability of results across studies. We explore applying this 

threshold to admixture mapping settings when two or three ancestral populations are 

present. Sha et al. [36] proposed a similar model to Siegmund and Yakir which also 

modeled the underlying distribution of local ancestry but for a set of nearly uncorrelated 

sparse markers. However, we do not expect the correlation of the local ancestry 

(admixture-LD) to follow the same distribution as the correlation of alleles (allelic-LD). 

Therefore, significance thresholds based on the number of independent loci will likely be 

conservative for admixture mapping.  

Some local ancestry inference programs, such as RFMix [54], call local ancestry 

within windows. For example, RFMix calls local ancestry within 0.2cM windows. As a 

result, adjacent local ancestry calls will be identical within short segments. In such 

instances, one option is to use a Bonferroni corrected significance threshold on the 

number of unique ancestry blocks in a specific sample of local ancestry calls, as the 

number of unique ancestry blocks will be less than the total number of genetic markers 

where local ancestry was inferred from a SNP chip panel. This approach is simple in that 

it does not make any modeling assumptions on the distribution of the underlying local 

ancestry in the sample. An approach similar to this uses the average number of switches 

in local ancestry per individual across the genome and accounts for correlation of 

markers within a chromosome using an autocorrelation (AR-1) model [37]. Other studies 

have used permutation tests [33], which are straightforward in data sets with unrelated 



subjects, but become more complicated when relatives are present if one wishes to 

preserve the correlation structure in the sample.  

 

1.2 Correcting for Confounding in Admixture Mapping Studies 

Existing gene mapping methodologies often make an assumption of independence 

of loci across chromosomes.  While this assumption is appropriate for randomly mating 

homogenous populations [38], in reality human populations do not mate at random, and 

previous studies have provided strong evidence of ancestry-related assortative mating in 

both intracontinental populations, such as European populations, and admixed 

populations with recent ancestry derived from multiple continents [39-41]. Previous work 

has shown that an admixed population that has been randomly mating for 7-10 

generations will exhibit approximate independence of local ancestry values across 

chromosomes, with a degree of admixture LD within chromosomes depending on the 

number of generations [38].  

We show that assortative-mating for ancestry can cause admixture-LD in local 

ancestry values far apart on a large chromosome and across chromosomes in recently 

admixed populations, and we assess the implications of this type of long-range and across 

chromosome LD in admixture mapping studies.  In an analysis of real genotyping data 

from 8,421 African American (AA) women in the Women's Health Initiative SNP Health 

Association Resource (WHI SHARe) study, we find that African Americans have across 

chromosome admixture LD that can confound admixture mapping studies, where there 

can be false-positive associations on chromosomes that have no genetic effects.  We also 

demonstrate that an admixture mapping analysis that conditions on local ancestry at the 

most significant genomic regions can provide protection against false-positives and 

allows for the identification of secondary admixture mapping signals that are not due to 

long range correlation.  These results have implications, not only for admixture mapping 

studies, but also for other genetic applications that utilize local ancestry in studies of 

diverse populations.  

 

1.3 Linear Mixed Models for Admixture Mapping in Related Samples 



Current implementations of admixture mapping approaches perform association 

testing for one ancestral population at time, where the count of local ancestry from a 

reference ancestral group is included as a predictor in a regression framework and 

compared to a non-reference ancestry group [33-38].  The existing regression 

methodology for admixture mapping is valid only for unrelated subjects. Many genetic 

studies, however, include individuals with some degree of relatedness [48].  

 

Mixed linear model (MLM) methods have become a popular method of choice for 

the analysis of genome-wide association studies, as they have been demonstrated to 

protect against spurious associations in structured samples by directly accounting for 

sources of dependence including cryptic relatedness and population stratification [49-51].   

Here, we build on existing MLM methodology for GWAS and propose a mixed linear 

model-based approach for admixture mapping, AdmMix-LM (Admixture Mapping with 

Mixed Linear Models), in related samples.  AdmMix-LM is implemented using local 

ancestry estimates inferred from genome-wide data and an empirical relatedness matrix, 

where sample structure is accounted for using both fixed and random effects. An 

important feature of AdmMix-LM is that the method can jointly test multiple ancestries 

for association. The performance of this methodology is assessed through simulation 

studies. We evaluate the type I error rate and power of our method across a range of 

single nucleotide polymorphism (SNP) effect sizes, additive genetic variance parameters 

and allele frequency differences across ancestral populations at the causal locus. We 

demonstrate that our method adequately controls for both continental and sub-continental 

ancestry admixture with the use of SNP array data and has appropriate type I error rates 

when applied to samples with known and/or cryptic relatedness.  

As a real data application, we focus on urine albumin to creatinine ratio (uACR) 

in HSHC/SOL. Increased urine albumin excretion (albuminuria), a marker of kidney 

damage, is highly prevalent in Hispanic/Latinos. While the impact of genetic background 

on albuminuria risk remains elusive, previous studies have found an association between 

albuminuria and Amerindian ancestry in Hispanic/Latino populations. Our method, 

AdmMix-LM, identified three novel genome-wide significant signals at chromosomes 2, 

11, and 16. The admixture mapping signal identified on chromosome 2, spanning q11.2-



14.1, has not been previously reported for albuminuria and is driven by Amerindian-

ancestry (p<5.7x 10-5).  Within this locus, two common variants located at the pro-

apoptotic BCL2L11 gene were associated with albuminuria: rs116907128 (minor allele 

frequency [MAF] = 0.14, p= 1.5x 10-7) and rs586283 (MAF=0.35, p= 4.2x10-7).  In a 

secondary analysis, rs116907128 was demonstrated to account for a majority of the 

admixture mapping signal observed in our primary analysis of albuminuria.   The 

rs116907128 variant is common among Pima Indians (MAF=0.45) but is monomorphic 

in the 1000 Genomes European and African populations.  We conducted a replication 

association analysis of rs116907128 in a sample of American Indians predominantly of 

Pima Indian heritage where rs116907128 was found to significantly associate with 

urinary albumin creatinine ratio (p=0.03). Our findings provide evidence for the presence 

of Amerindian-specific variants influencing the variation of albuminuria in 

Hispanic/Latinos. 

 

1.4 Logistic Mixed Models for Admixture Mapping  

Binary outcomes are common in genetic studies through case-control study 

designs. Although widely used linear mixed model methods assume that a quantitative 

trait is normally distributed, they are often utilized for the analysis of binary traits where 

a dichotomous outcome variable as treated as if it were continuous.  The assumption of 

constant residual variance with linear mixed models for association mapping, however, 

can be violated when analyzing a binary outcome, and can result in inflated type I error 

rates in the presence of population structure. Recently, Chen et al. [52] developed a 

computationally efficient logistic mixed model, GMMAT, which correctly accounts for 

variance components of a binary trait. The problem of heteroskedastic residuals is not 

unique to association mapping and needs to be addressed in the admixture mapping 

framework as well. We extend GMMAT to allow for logistic mixed model based 

admixture mapping of binary traits. Our method has better calibrated test statistics under 

the null compared to a linear mixed model admixture mapping method when applied to 

analyze real genetic data with a binary outcome.    

 

 



 

Chapter 2 

BACKGROUND 

In this chapter, we define some basic genetic concepts including admixture, local 

ancestry inference, admixture mapping, and provide an overview of sources of structure 

that are often encountered in real data from genetic studies. We present a commonly used 

model for admixture mapping, and briefly discuss the properties of the model, as it is 

essential for much of the work developed in the following chapters.  

 

2.1 Admixture  

Population admixture results in the combining of genomes from previously 

isolated populations that may have differing allele frequencies across the genome as a 

result of selection, mutation and genetic drift [42-44]. Admixed populations exist across 

the world, and the two largest minority populations in the United States, African 

Americans and Hispanic Americans, both have admixed ancestry. Admixed populations 

exhibit genetic variability at both the global and local level, with total proportional 

ancestry as well as inherited locus-specific ancestry varying from individual to individual 

[45-47]. The majority of the work presented here was motivated by problems seen within 

real admixed study populations.   

2.2 Local Ancestry Inference 

Recent computational and genomic advances allow for inference of an 

individual's genetic ancestry by marker position, using genome-wide SNP data [52]. This 

technique, known as local ancestry inference (LAI), estimates for a given subject, the 

number of alleles (0, 1, or 2) descended from each ancestral population of interest at each 

marker position. LAI relies on ancestral population reference panels to find the 'best 

match' population of origin for segments of admixed haplotypes. We note that 

Hispanic/Latino populations are descended from European, African and Native American 

populations and African Americans are descended from European and African 

populations.  

Initial LAI was done using Ancestry Informative Marker (AIM) panels. Today, 

the availability of GWAS data allows for LAI at all marker positions genome-wide. For 



all analyses presented here that were performed on real genetic data sets, we implemented 

a conditional random field-based approach, RFMix, to infer local ancestry at a set of 

SNPs genome-wide in common to the admixed sample panel and reference panel data 

sets, using selected populations from 1000 Genomes [55], Human Genome Diversity 

Project (HGDP) [56], and Hapmap3 [2] as a reference panels for Native American, 

European and West African populations, where applicable. RFMix requires phased data 

with no missing genotype values. Beagle [57] was employed for phasing and imputation 

of sporadic missing genotypes in the admixed sample and reference panel data sets.  

 

2.3 Admixture Mapping 

GWAS have been widely employed for the identification of associations between 

single nucleotide polymorphisms (SNPs) and a wide variety of complex traits of interest. 

GWAS rely on background linkage disequilibrium (LD) between a genotyped SNP and a 

causal variant to identify associations with traits [58]. Admixture mapping uses 

admixture-LD, which often extends further than the background LD inherited from an 

ancestral population, to identify genetic variants that affect trait levels and have differing 

allele frequencies across the ancestral populations that contributed to an admixed 

population.  In admixture mapping studies, counts of locus-specific ancestry at genomic 

loci are used as predictors and tested for association with a trait.  An advantage of 

admixture mapping studies is that local ancestry can capture associations with both 

common and rare variation [53,59], whereas the SNP genotyping arrays that are widely 

used in GWAS do not capture rare variation well as they have largely been designed for 

assaying common variants. 

We focus our attention on a linear model for a quantitative phenotype, although 

regression models allow for other types phenotypic distributions such as binary, count 

and ordinal data. Suppose we collect ! individuals who are admixed from two ancestral 

populations and record their value for a quantitative trait, ! = !!,!!,,… ,!!, . We will 

treat one population as the reference population and one population as the alternative 

population. Assuming the subjects are unrelated and typed at ! SNP markers, we can 

model the relationship between the trait ! and local ancestry at position ! ∈ {1,… ,!} as  

 



! = !!! + !!!!"#!!!"# + !!"+ !!,     (1) 

 

where ! is a vector of 1’s of length !,  !!!"#!is a vector of length ! denoting the number 

of ancestral alleles (0,1 or 2) at locus ! descended from  the reference ancestral 

population, with corresponding effect size !!!"#. ! is a matrix that represents covariate 

adjustment variables such as principal components (PCs) with corresponding fixed effect 

vector !, and ! is a length  ! vector of independent and identically distributed random 

effects for residual error that are normally distributed with  mean 0 and variance !!.  

 

2.4 Sources of Structure   

Admixed populations exhibit population structure due to variable ancestry from 

multiple ancestral populations, and this genetic diversity must be taken into account in  

studies of complex traits in population with admixed ancestry to protect against 

confounding. In the regression model described in equation (1) above, fixed effect 

adjustments often include PCs or proportions of global ancestry. Including ancestry 

representative PCs as covariates removes confounding due to ancestry [59,61]. This is 

especially important for admixed populations who have a multitude of ethnic, geographic 

and cultural backgrounds that contribute to any given phenotype. Furthermore, known 

and/or cryptic relatedness are common features of genetic studies, including those of 

admixed individuals [12,39-42].  

PCs and the empirical relatedness matrix ! used throughout this dissertation are 

calculated from genome-wide genotype data and are obtained in a recursive manner. 

Relatedness is first estimated using KING-robust [13], which is robust to discrete 

population structure but not to admixture or departures from HWE within sub-

populations. Using PCAir [62], the sample is then partitioned into a mutually unrelated 

set and the remaining who are relatives of the unrelated set. PCAir then performs 

standard principal components analysis (PCA) on the set of unrelated individuals and 

projects PC coordinate values for the related individuals. PCRelate [62] calculates 

pairwise relatedness conditional on the obtained PCs from PCAir. Both PCAir and 

PCRelate are run again, starting with the newly obtained relatedness matrix. The final 

kinship coefficients and sample eigenvectors from PCRelate and PCAiR, respectively, 



are used to adjust for relatedness and population stratification in the models considered 

here.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Chapter 3 

SIGNIFICANCE THRESHOLDS FOR ADMIXTURE MAPPING 

3.1 Introduction  

Ideally, we would like to develop a general framework for genome-wide 

significance thresholds to be used for all data sets in admixture mapping studies that takes 

into account the number of generations since admixture and the number of ancestral 

populations. Tang et al. reported 7×10!! as an appropriate p-value significance level for 

admixture mapping in WHI-SHARe African Americans [63,64]. We show that a single 

admixture mapping threshold may not be appropriate for all samples of admixed 

populations, as many populations have unique histories resulting in different patterns of 

population structure. We evaluate genome-wide significance thresholds for admixture 

mapping based on the Ornstein-Uhlenbeck process developed by Siegmund and Yakir, 

and provide new insights into advantages and limitations of different significance 

threshold approaches using both simulated and real data.  

 

3.2 Methods 

3.2.1 Theoretical Genetic Data: Siegmund-Yakir Framework  

Siegmund and Yakir developed a rigorous statistical theory for the determination 

of a genome-wide p-value threshold for admixture mapping when two ancestral 

populations are present, assuming independence of local ancestry values across 

chromosomes and using a test statistic similar in construction to a Wald statistic [65]. 

They showed that correlation of admixture mapping test statistics within a chromosome 

follows an Ornstein-Uhlenbeck process that depends on the number of generations since 

the admixture event but does not depend on the admixture proportions of the admixed 

population. Under this model, !"## !!,!! = !!|!!!|!, where !! is the test statistic at 

genetic map position !! ∈ {!, !}, and ! is the number of generations since admixture. This 

correlation can be rewritten in terms of the recombination fraction distance, !, between 

two loci as (1− !)!.  

To explore the effect of marker spacing and generation time on the theoretical 

significance threshold obtained under this framework, we simulated test statistics using 

the Ornstein-Uhlenbeck model across the genome at markers spaced every 0.01, 0.02, 



0.05 or 0.007 cMs at generation times !! ∈ {6,8,10,12,14}. For reference, we note that 

African Americans are estimated to be 6-10 generations since admixture and a GWAS 

panel would be close to a spacing of 0.007 since GWAS panels for admixture mapping 

must be an intersection between the sample panel data and reference panels used for local 

ancestry inference.  

The simulated phenotype distribution is drawn independently from a N(0,1) for 

each subject. We run a genome-wide admixture scan using linear regression with fixed 

effect adjustments for global ancestry proportions, recording the minimum p-value. The 

lower 5th percentile of minimum p-values across 10,000 independent replicates is chosen 

as the genome-wide p-value threshold.  

 

3.2.2 Simulated Genetic Data: Siegmund-Yakir Framework  

 We directly model admixture mapping test statistics based on simulating local 

ancestry over generations of random mating and run a linear regression-based admixture 

mapping scan on null phenotypes. We compare the behavior of admixture mapping test 

statistics when two or three ancestral populations are present, varying the admixture 

proportions of the simulated population, to the theoretical behavior of the statistics based 

on the Siegmund-Yakir model.  

To create simulated local ancestry values for an admixed individual included in 

our analysis, we simulate their entire set of ancestors dating back to the generation of 

founder non-admixed individuals involved in the admixture event. Starting with the 

founder generation, we simulate crossovers, transmission and mating leading to offspring 

at each subsequent generation. For a randomly mating population, all current generation 

admixed subjects’ founders’ ancestry haplotypes are drawn from a Multinomial(p), 

where p  is a vector of admixture fractions that sum to 1. In the case where there is only 

two ancestry populations, this reduces to drawing founder ancestry haplotypes from a 

Binomial(p), where p is the admixture fraction of the population. For each case, we vary 

the admixture fractions of the simulated population obtain genome-wide significance 

thresholds unique to each admixture fraction set level. As described above, we simulate 

phenotype distribution drawn from a N(0,1) for each subject and run a genome-wide 

admixture scan with adjustments for global ancestry proportions, recording the minimum 



p-value. A threshold set at the lower 5th percentile of minimum p-values across 10,000 

independent replicates will control the family-wise type I error rate at 5%.  

  In obtaining a significance threshold via simulating local ancestry, we also need 

to consider how sensitive the threshold is to different randomly generated data sets. For 

the three-population case, we explore how the genome-wide significance threshold 

changes across simulated data sets and across admixture fraction levels. For each 

significance threshold, we create bootstrap 95% confidence intervals calculated across 

1,000 bootstrap samples of size 5,000.  

 

3.2.4 Real Genetic Data  

Simulations make simplifying assumptions that may not be realistic in practice. In 

this instance, the simulated local ancestry framework models the stochastic nature of 

admixture mapping test statistics within a chromosome based on the expected behavior of 

an Ornstein-Uhlenbeck process. The process is simulated independently for each 

chromosome and no correlation across chromosomes is considered. As will be 

demonstrated in Chapter 4, admixed populations exhibit population structure patterns that 

can lead to violations of independence assumptions across chromosome assumptions. To 

this end, we calculate genome-wide p-value thresholds for data sets known to contain 

population structure. We explore genome-wide p-value thresholds based on real genotype 

data and simulated traits in two and three ancestral population cases using an African 

American and Hispanic data sets, respectively.  

We obtain a genome-wide significance threshold in the manner described in the 

previous section for simulated genetic data scenarios. We implemented admixture 

mapping with linear regression on a set of unrelated African Americans, adjusting for the 

first two PCs. The model used for analyzing the two Hispanic data sets needed to take 

into account the relatedness present in both data sets. The details and motivation for the 

linear and logistic mixed model used to analyze these data sets are described in Chapters 

5 and 6. For the one data set, we simulated phenotypes from a !(!,!!!! + !!!!!), where 

!!! and !!! represent additive genetic and environment variances, respectively, setting the 

parameters to their estimated quantity based on the phenotype data. For the second, we 

compared the Bonferroni correction on the number of unique local ancestry blocks 



obtained from RFMix to one using direction simulation of phenotypes as described 

above. We also examined the extent to which the total heritability of the trait affected the 

p-value threshold in the second data set. To do this, we simulated phenotypes from a 

!(!,!!!! + !!!!!), where !!! and !!! represent additive genetic and environment 

variances, respectively. We set !!! = 1, and varied !!! such that the total heritability of 

the simulated trait, ℎ! = !!!!/(!!! +!!!), varied between 0 and 0.5.  

We additionally record the genome-wide genomic control inflation factor, !!" , 

for the second data set’s p-value threshold analyses. The genome-wide genomic control 

inflation factor, the ratio of the median observed test statistic to the median expected test 

statistic under the null hypothesis of no association, is often used in genetic studies to 

assess model fit. An inflation factor greater than 1 indicates inflation of the test statistics, 

which can be caused by model misspecification, confounding, or a skewed or heavy-

tailed trait distribution. Inflation factors are commonly reported for GWAS studies but 

they are not often reported in admixture mapping studies [10-15] and the behavior of 

local ancestry test statistics with regard to genome-wide genomic control inflation factors 

has not been well studied.  

 

3.2.5 WHI-SHARe African American Cohort 

The WHI is a long-term health study of postmenopausal women in the U.S. A 

total of 161,808 postmenopausal women aged 50-79 years old were recruited, including 

12,151 self-identified AAs. The WHI SHARe minority cohort includes 8,515 AA women 

who provided consent for DNA analysis. Genotype data are from the Affymetrix 

Genome-Wide Human SNP Array 6.0 that contains 906,000 single nucleotide 

polymorphisms (SNPs) and more than 946,000 probes for the detection of copy number 

variants. The genotype data were processed for quality control, including call rate, 

concordance rates for blinded and unblinded duplicates, and sex discrepancy, leaving 

871,309 unflagged SNPs with a genotyping rate of 99.8%. After exclusions, there remain 

8,421 AA women [66,67]. We identify a set of 551,025 SNPs common to the WHI-

SHARe and HapMap data sets, with an overall genotyping rate of 99.9%.  

 

3.2.6 Hispanic Community Healthy Study/Study of Latinos (HCHS/SOL)  



The HCHS/SOL consists of 16,415 participants age 18-74 years who self-

identified as Hispanic/Latino. Subjects were recruited from a random sample of 

households in defined communities in the Bronx, Chicago, Miami and San Diego from 

2008 to 2011. Sampling was conducted so that there would be adequate representation 

from each of the backgrounds of interest: Cuban, Puerto Rican, Mexican, and 

Central/South American descent. Subjects were sampled within households and within 

census blocks. Genotyping was performed using the Illumina SOL HCHS Custom 

15041502 B3 array for the 12,803 subjects who consented to have their DNA extracted to 

genetics studies. The array contains of a total of 2,536,661 SNPs, of which 2,427,090 are 

from a standard Illumina Omni2.5M array (HumanOmni2.5-8v1-1) and the remaining 

109,571 are custom SNPs. The missing call rate for all subjects was less than 2% and the 

median call rate was 99% [68,69].  

 

3.2.7 Alzheimer’s Disease Sequencing Project (ADSP) Caribbean Hispanic Families 

The ADSP is a large scale sequencing project to identify genetic variants 

contributing to Alzheimer’s disease (AD) in multi-ethnic populations. The Family-Based 

study included 545 Caribbean Hispanic subjects from 68 families with available GWAS 

data. GWAS chip genotyping was performed on HumanOmniExpress12.v1.1.8, 

Human650Y.v2 and HumanOmni1-Quad.v1.0.H at Baylor, Broad, and Washington 

University. We pruned markers to a genotyping rate of 90%.  

 

3.2.8 On the Use of True vs. Estimated Local Ancestry in Threshold Calculation  

 In practice, local ancestry is unknown and must be estimated and therefore 

multiple testing corrections should be based on estimated local ancestry, and not the true 

ancestry. It is possible that a small amount of error is accrued through estimation of local 

ancestry, for example, when a small bit of ancestry is missed-called by the algorithm as a 

neighboring ancestry instead. As a result, we expect the number of true unique ancestry 

blocks to be larger than the number estimated. To assess how large this difference is, we 

performed local ancestry inference on a set of simulated data and compared the number 

of ancestry switches in the true versus inferred local ancestry data sets.  

 



3.3 Results  

3.3.1 Theoretical Genetic Data: Siegmund-Yakir Framework  

Table 1 displays the genome-wide p-value thresholds obtained via simulation of 

admixture mapping test statistics following an Ornstein-Uhlenbeck process. The 

significance thresholds become more stringent as generation time and marker density 

increase. Assuming 8 generations since admixture for African Americans and a marker 

spacing similar to a SNP panel that remained after local ancestry inference via reference 

panels, (which would be equivalent to ~533,430 markers genome-wide), we obtain 

significance thresholds between 4.06 ×10!! and 5.75×10!!.  

 

 

Table 1: Significance Thresholds by Marker Density and Number of Generation  

 
cM 
Distance  
Between 
Markers 

 

 

Generation Time 

 6 8 10 12 14 16 

0.007 6.03×10!! 5.71×10!! 3.24×10!! 2.92×10!! 2.44×10!! 2.01×10!! 

0.01 6.44×10!! 4.06×10!! 3.38×10!! 3.17×10!! 2.63×10!! 2.08×10!! 

0.02 7.24×10!! 5.37×10!! 3.91×10!! 3.18×10!! 2.65×10!! 2.11×10!! 

0.05 7.39×10!! 5.75×10!! 4.73×10!! 3.90×10!! 3.24×10!! 2.51×10!! 

 

 

 

3.3.2 Simulated Genetic Data: Siegmund-Yakir Framework  

 Figure 1 shows the correlation in test statistics for loci separated by a 

recombination fraction ! ranging from 0 to 0.5 for the two and three ancestral population 

case. The two-population case follows the Siegmund-Yakir theoretical line of (1−
!)!!but the three-population case does not. Results are shown for p =1/2 for the two 

population and p =(1/3,1/3,1/3) for the three population cases, respectively. Varying the 

admixture fraction level for either case did not change the level of correlation observed.  



 
Figure 1: Correlation of Test Statistics 

The average correlation across admixture mapping test statistics calculates within 

windows of 0.01 recombination fraction distance is shown with circles for simulated 

admixed populations with two ancestral populations (red) and three ancestral populations 

(green). The theoretical expected correlation assuming the test statistics follow an 

Ornstein-Uhlenbeck process, (1− !)!, is shown in blue. The simulated population with 

two ancestral populations follows the expected line but the simulated population with 

three ancestral populations does not.  

 

 

3.3.3 Simulated Genetic Data p-value Thresholds  

Figure 2 shows the p-value thresholds for various population admixture fractions. 

Values range from 1.55×10!! to 1.99×10!!, with no clear trend towards more or less 



significant thresholds at extreme of admixture fraction values. Figure 3 displays the 

scatter plot for p-value thresholds comparing two data sets with identical admixture 

fractions. If results were concordant across data sets, we would expect to see points along 

the 1-to-1 line. There is a large amount of variability in p-value thresholds across data 

sets, with a correlation of 0.0045. Furthermore, the variability we see across admixture 

fractions is similar in magnitude to variability seen across data sets of the same admixture 

fraction, and thus there does not appear to be a difference of p-value thresholds for 

different admixture fractions. Table 2 gives the confidence intervals for each data set and 

set of admixture fractions.  

 

 

 

 



 
Figure 2: Genome-wide Significance Threshold p-values for Simulated Populations 

with Three Ancestral Populations   

Admixture proportions within the convex hull of possible proportion sets are shown 

based on simulated local ancestry data sets with three ancestral populations, colored by 

gradients from red to blue denoting more or less stringent thresholds according to the bar 

of p-values ×10!! to the left of the triangle. Each admixture proportion set (p) is 

represented three times because results do not depend on the order of the proportions.   
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Figure 3: Genome-wide Significant p-value Thresholds   

Each green circle represents genome-wide significance p-value thresholds for the first (x-

axis) and second (y-axis) simulated data sets at the same admixture proportion 

combination. The 1-to-1 line dashed blue line is given for reference (i.e. assuming 

generated data sets gave concordant results at each chosen admixture proportion 

combination).  
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Table 2: Three Population p-value Thresholds for Genome-wide Significance with 95% 

Bootstrap Confidence Intervals for Two Sets of Simulated Data at Each Combination of 

Admixture Proportions.  

 

 

 

 

 

 

 

 

 

 Data Set 1 Data Set 2 

Admixture Proportions  p-value Confidence 

Interval 

p-value Confidence 

Interval 

0.33   0.33   0.33  1.57 (1.43, 1.66) 1.67 (1.53, 1.80) 

0.35   0.35   0.3 1.87 (1.76, 2.01) 1.74 (1.56, 1.90) 

0.4   0.3   0.3  1.69 (1.60, 1.80) 1.59 (1.47, 1.75) 

0.4   0.4   0.2  1.67 (1.56, 1.81) 1.35 (1.25, 1.48) 

0.45   0.35   0.2  1.65 (1.51, 1.78) 1.82 (1.69, 1.94) 

0.5   0.25   0.25  1.79 (1.64, 1.90) 1.88 (1.72, 2.02) 

0.5   0.3   0.2  1.76 (1.61, 1.90) 1.60 (1.47, 1.75) 

0.5   0.35   0.15  1.84 (1.71, 1.92) 1.61 (1.46, 1.74) 

0.5   0.4   0.1  1.61 (1.49, 1.76) 1.70 (1.56, 1.83) 

0.55   0.35   0.2  1.78 (1.64, 1.89) 1.79 (1.63, 1.91) 

0.6   0.2   0.2 1.80 (1.66, 1.94) 1.83 (1.67, 1.99) 

0.6   0.3   0.1  1.79 (1.68, 1.94) 1.69 (1.56, 1.81) 

0.65   0.25   0.1  1.63 (1.53, 1.81) 1.79 (1.66, 1.90) 

0.75   0.2   0.05  1.84 (1.69, 2.00) 1.71 (1.60, 1.82) 

0.8   0.1   0.1 1.93 (1.80, 2.09) 1.84 (1.71, 1.99) 

0.85   0.1   0.05  1.65 (1.54, 1.78) 1.91 (1.80, 2.08) 



3.3.4 Real Genetic Data p-value Thresholds  

 The genome-wide p-value threshold based on simulating a null phenotypes in the 

WHI-SHARe AAs is 2.24×10!!. This threshold is much less stringent than those 

obtained via Ornstein-Uhlenbeck simulation. The genome-wide p-value threshold based 

on simulating a null phenotype in the ADSP Caribbean Hispanics is 4.51×10!!. In 

HCHS/SOL we had 236,456 genetic markers with local ancestry calls and tested 14,815 

unique ancestry blocks. Applying a Bonferroni correction leads to a genome-wide p-

value threshold of 3.6×10!!. The p-value thresholds, corresponding bootstrap 95% 

confidence intervals and average inflation factors for various trait heritability levels are 

show in Table 3. Varying the trait heritability in simulations did not substantially change 

significance threshold, and values remained between 4.6 and 6.1 ×10!!, with confidence 

intervals overlapping one another for all but the highest heritability considered. Interestingly, 

the average !!" !decreased from 1.05 to 0.95 as heritability increased from 0 to 0.5.  

 

 

 

 

 

Table 3: Significance Threshold Estimates and 95% Confidence Intervals and Mean 

Inflation Factor by Total Trait Heritability  

 

 

 

 

 

 

 

 

 

 

 

Total Trait 

Heritability 

 

Significance Threshold 

Mean 

Inflation 

Factor Estimate 95% CI 

0.0 5.4×10!! (5.1, 5.8) 1.05 

0.1 6.0×10!! (5.3, 6.0) 1.05 

0.2 6.1×10!! (5.6, 6.8) 1.02 

0.3 5.7×10!! (5.3,6.3) 1.01 

0.4 5.5×10!! (5.1, 5.9) 0.98 

0.5 4.6×10!! (4.3, 5.2) 0.95 



3.3.5 On the Use of True vs. Estimated Local Ancestry in Threshold Calculation  

 Figure 4 shows a heat map of the count of local ancestry switches in inferred 

versus true ancestry on the same data. If local ancestry called with 100% accuracy, we 

would see all counts on the diagonal. There is a slight trend towards underestimation of 

switches, indicating that local ancestry inference is missing some small bits of ancestry.  

 

 

 
Figure 4: Heat Map of the Count of True and Estimated Number of Local Ancestry 

Switches.  

The number of true and estimated/inferred number of ancestry switches for a 10mB 

region is recorded for each simulated admixed individuals across a 10Mb region. We 

display the total count of each combination of true vs. estimated number of local ancestry 

switches, colored from highest count (blue) to lowest count (red).  



 

 Table 4 shows the p-value thresholds obtained across all methods discussed in 

this chapter. Methods such as the Siegmund-Yakir framework, simulated genetic data and 

Bonferroni correction, which assume independence across chromosomes and/or start 

from true local ancestry, are more conservative than methods that capture the structure 

and correlation present in real genetic data using inferred local ancestry.  

 

 

Table 4: Comparison of p-value Thresholds Across Methods 

! Two Population Three Population 
Siegmund-Yakir Framework 5.7×10!!" "
Simulated Local Ancestry Data " 1.6− 2.0×10!!"
Real Genetic Data " "
      WHI-AA 2.2×10!!" "
      ADSP  4.5×10!!"
      HCHS/SOL Bonferroni " 3.6×10!!"
      HCHS/SOL simulated phenotype " 4.6'6.1"×10!!"
 

  

3.4 Discussion 

 Through simulations and analysis of multiple real African American and Latino 

data sets, we examine a variety of methods for accurate control of type I error rates in 

multi-way admixed populations. In our simulations of local ancestry data via the 

Siegmund-Yakir framework for admixture mapping test statistics and direct simulation of 

local ancestry values, we assume independence across chromosomes and this may not be 

realistic in genetic data of admixed populations due to population structure and/or non-

random mating. This difference in assumptions may be reflected in the magnitude of 

genome-wide significance thresholds obtained where methods that assume independence 

across chromosomes yield a more stringent p-value threshold compared methods used on 

real genetic data. In the data set where we investigated both types of methods, this 

difference was an order of magnitude apart, with real data on the order of 10!! and 

simulated data on the order of 10!!. The exception to this is the Bonferroni corrected 

threshold on real data for the number of unique ancestry blocks but this may not capture 



long-range correlation in local ancestry beyond the identical ancestry surrounding an 

ancestry block. Simulations indicated that p-value threshold in the three population case 

did not depend on the admixture proportions of the population which is comparable to the 

two population case. Furthermore, the significance threshold did not depend strongly on 

the total heritability of a trait.  

Genome-wide significance thresholds that reflect the actual amount of correlation 

in a given data set, such as those obtained via simulation of null phenotypes combined 

with real genetic data, are preferable to those obtained via simulating local ancestry 

because they make less assumptions about the underlying structure of the ancestry and 

are tailored to the specific population being studied. It is important to note that the two 

Hispanic data sets we used to come up with p-value thresholds did not give identical 

results. The HCHS/SOL subjects contained a mix of both mainland and island Hispanic 

populations compared to the ADSP Hispanic family data set, which was a set of only 

Caribbean Hispanics. The structure present in each of the samples was unique and the p-

value threshold based on the specific data sets for each should not be applicable to the 

other. This should be true in general. That is, p-value thresholds calculated for specific 

data sets should not be used for other data sets, even if they are from the same population, 

such as Hispanic or African American. Genome-wide significance thresholds based on 

real data, while computationally expensive, more reflect the true structure of local 

ancestry in the sample compared to those calculated on a simulated local ancestry data set 

that is supposed to mimic a real population. The evidence given in this chapter suggests 

that there is not one single p-value threshold that should be used for all data sets from a 

the same general admixed population. We recommend using a p-value threshold for 

admixture mapping that is calculated from the study population one wishes to perform 

the analysis as this will take into account any unknown sources of structure within the 

sample.   

 

 

 

 

 



Chapter 4 

CONFOUNDING IN ADMIXTURE MAPPING STUDIES 

4.1 Introduction  

This work is motivated by global and local ancestry patterns observed in the 

WHI-SHARe AA data set. The WHI-SHARe AAs have similar patterns of genome-wide 

population structure and ancestry admixture to previously reported population genetic 

studies of AA [70-73]. Also, the WHI-SHARe AAs exhibit an increased amount of 

correlation in local ancestry both within and across chromosomes, as compared to a 

theoretically randomly mating admixed population. We demonstrate through simulation 

studies that this pattern of long-range and across chromosome admixture LD in the WHI-

SHARe AAs is consistent with ancestry-related assortative mating. 

 We conduct simulation studies to assess the impact of long-range and across 

chromosome LD on widely used admixture mapping test statistics from a linear 

regression framework. In simulation studies with real genotype data from WHI-SHARe 

AAs and simulated phenotype data, we find that across chromosome admixture LD can 

confound admixture mapping studies. Skelly et al. [73] previously described how this 

same phenomenon can occur in association mapping when SNPs are not linked but are in 

LD. We find that inflation factors for these analyses increase linearly with simulated 

effect size at a true casual locus, and that false positives can be induced on chromosomes 

that have no genetic effects. We also demonstrate that an admixture mapping analysis 

that conditions on local ancestry at the most significant genomic regions in a regression 

model can control inflation, provide protection against false-positives on other 

chromosomes, and allow for the identification of secondary admixture mapping signals 

that are not due to long range correlation.   

 

4.2 Methods 

4.2.1 Characterization of Local and Global Ancestry Patterns in Real and Simulated Data    

We created simulated local ancestry data sets for comparison with the WHI AA 

data by simulating crossovers and transmission over generations starting with non-

admixed founders assuming random or non-random mating patterns. For the simulated 

randomly mating population, each founders’ haplotype is African with probability p, and 



European otherwise, where p is the observed average global African ancestry in WHI 

AA. To simulate an assortatively mating population with a global ancestry distribution 

similar to WHI AA, the ancestry of each of individual !’s founding ancestors’ haplotype 

is African with probability !!, where !! is drawn from the empirical distribution of global 

ancestry values in WHI. This means that some individuals have a higher proportion of 

African founder haplotypes than others, which gives rise to population structure. For each 

simulation scenario, we simulate 8 generations of mating along two chromosomes of 

length 250 cM, assuming crossovers occur at a rate of 0.01/cM, and we simulate a total of 

8,421 subjects to match the number of subjects in the WHI AA cohort.   

For all three data sets, the WHI-SHARe AAs and the simulated random and 

assortative mating subjects, we record (1) the distribution of global ancestry (2) the 

correlation in local ancestry values for loci separated by a cM distance between 0 and 250 

(3) distribution of correlation in local ancestry values across chromosomes.  

 

4.2.2 Assessing Admixture Mapping Test Statistics using Real Genotype Data and 

Simulated Phenotype Data     

To assess the behavior of test statistics in admixture mapping, we used real 

genotypes from WHI-SHARe AAs and simulated phenotypes created by adding local 

ancestry effects to a randomly generated standard normal base phenotype for each 

subject. We selected 500 marker loci approximately equally spaced across the genome. 

For each selected locus, we drew phenotypes independently for each subject from a 

! 0,!" , where ! is the number of copies of European alleles the locus and the range of 

β ∈ [0,1.5]. We employed the software PLINK [74] to perform admixture mapping with 

linear regression on the set of unrelated subjects. Our primary analyses included fixed 

effect adjustment for the first four principal components. Our secondary analyses 

included local ancestry at the causal locus as an additional covariate. For both analyses 

we record the genome-wide genomic control inflation factor, !!" , at each simulated 

replicate.   

 

4.3 Results  



4.3.1 Characterization of Local and Global Ancestry Patterns in Real and Simulated Data 

Sets 

Figure 5 illustrates the distribution of proportion of African ancestry observed 

within the WHI African Americans and simulated populations assuming assortative or 

random mating. The WHI AA subject distribution is right-skewed with a heavy left tail 

with some individuals having little to no African ancestry. The global ancestry 

distribution of the randomly mating simulated population is centered on the average 

admixture fraction of the WHI AAs, 0.77, with less overall variability compared to the 

WHI AAs. Our simulated population with assortative mating shows a trend similar to the 

WHI AAs with a wider dispersion of global ancestry proportions. Figure 6A and Figure 

6B show the correlation in local ancestry values calculated across subjects for pairwise 

position separated by a given cM distance within chromosomes (A) and all pairwise 

positions across chromosomes (B) in the WHI AAs and simulated populations assuming 

assortative or random mating. The within-chromosome correlation of local ancestry in the 

simulated randomly mating population drops off to zero after 100cM, while the WHI 

AAs and simulated population with assortative mating show correlations of local ancestry 

that decay more slowly with distance and level off near 0.2 at approximately 100cM. As 

expected, the across chromosome correlation of local ancestry in the simulated randomly 

mating population is centered around zero, while the WHI AAs and simulated assortative 

mating population show an average correlation of 0.234 and 0.238, respectively, with 

little variability across positions.  

 

 



 
Figure 5: Distribution of Proportion of African Ancestry 

Plot showing the smoothed density using an estimated kernel density of proportion of 

African ancestry observed within the WHI African Americans and simulated populations 

assuming assortative or random mating. The color represents population sample source.  
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Figure 6: Local Ancestry Correlations Within and Across Chromosomes 

Plots showing within (A) and across (B) chromosome correlation of local ancestry values 

within the WHI African Americans and simulated populations assuming assortative or 

random mating. (A) Correlation is represented on the y-axis and the cM distance between 

the locations along the x-axis. Correlation was calculated within 1cM windows and a 

fitted line was drawn connecting adjacent values. We consider a 250cM region in each 

simulated population sample and the first 250 cM of chromosome 1 in the WHI AA. (B) 

Boxplots are shown for pairwise correlations of local ancestry values for positions across 

chromosomes. The simulated populations’ chromosomes were two independent 

chromosomes of length 250cM and the WHI AA chromosomes calculated for the first 

250 cM of chromosomes 1 and 2. The color represents population sample source.  

 

 

Figure 7 displays the average !!"  for admixture mapping of inferred local 

ancestry in WHI AA across simulated replicates of the phenotype, calculated on test 

statistics for all chromosomes that did not have a simulated causal effect. Inflation factors 

for the primary analysis model increase linearly with effect size of the causal locus, with 

severe over-inflation at larger effect sizes. Secondary analyses with adjustment for local 

ancestry at the causal locus fully correct for the over-inflation, with an average inflation 

factor of 1.0 at all effect sizes. Figure 8 shows the primary analysis model Manhattan 

plots (A-D) at effect sizes 0, 0.5, 1.0 and 1.5 for a randomly chosen replicate. In this 

replicate, the simulated effect is on chromosome 3 but as the simulated effect size 
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increases, signals on other chromosomes become more significant, creating false positive 

associations on chromosomes 1, 5 and 9. The significance threshold used for this 

assessment, 2.24×10!!,!matches the threshold obtained via simulation using the WHI-

SHARe AA genotypes with simulated null phenotypes (results described in Chapter 2). 

 

 
Figure 7: Inflation Factors by Effect Size 

Each line represents the average inflation factor across simulated replicates observed at 

each simulated effect size, calculated for markers on a separate chromosome from the 

effect locus chromosome for each model. The primary analysis model tested dosage of 

local ancestry at each marker, adjusting for the first four principal components. The 

conditional analysis model included ancestry at the simulated causal locus as an 

additional covariate in the model. Color represents analysis model.  
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Figure 8: Manhattan plots for an Example Replicate  

Plots showing the -log10 p-value for each position genome-wide for a randomly chosen 

replicate, ordered by position and colored by alternating chromosomes. Panels A-D show 

simulated effect sizes 0, 0.5, 1.0 and 1.5, respectively. The dotted horizontal line denotes 

the 2.24×10!! p-value significance threshold.  

 

 

4.4 Discussion  

We conducted a thorough analysis of admixture mapping test statistics using 

8,421 WHI-SHARe African Americans in order to further understand and characterize 

the behavior of local ancestry effects. We utilized HapMap samples as reference panels to 

conduct local ancestry analyses. For each study individual, local genetic ancestry at each 

marker was inferred and we used these local ancestry values to perform admixture 

mapping using linear regression, adjusting for principal components as fixed effects in 

primary analyses and including the local ancestry at the causal variant as an additional 

covariate in secondary analyses.  

We observe over-inflation of test statistics when simulated local ancestry effects 

are sufficiently large. In particular, positions on chromosomes without a simulated effect 

show increased significance as the true local ancestry effect increases. These results 

illustrate that careful consideration should be given to both global and local ancestry 

patterns in a sample when performing admixture mapping. When ancestry-related 

assortative mating is present in admixed populations, the distribution of global ancestry 

can be more diverse and subjects are more likely to share ancestry across chromosomes 



due to similar parentage as compared to admixed subjects where all individuals have the 

same proportional ancestry. Assortative mating for ancestry leads to a greater admixture-

LD both within and across chromosomes, as we demonstrated in our simulation studies. 

When performing admixture mapping in admixed populations with population structure, 

we recommend performing secondary analyses that condition on local ancestry at the top 

hit to determine if the remaining signals are real or caused by confounding due to long 

range admixture-LD. In our simulations, conditioning on local ancestry at the causal 

variant eliminated over-inflation at all effect sizes.  

Genetics studies of admixed populations present unique challenges and require 

prudence on behalf of the investigator. As demonstrated here, the complex patterns of 

local ancestry in admixed populations can affect the results of an admixture mapping 

analysis. We believe that the characterization of admixture mapping test statistics when 

there is long-range and across chromosome LD that is provided in this paper will be 

useful to future admixture mapping studies, as well as a variety of other genetic 

applications that rely on admixture-LD within admixed populations.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Chapter 5 

ADMIXTURE MAPPING WITH LINEAR MIXED MODELS 

5.1 Introduction  

Current implementations of admixture mapping methods test one ancestry for 

association at time, where the count of local ancestry from a reference ancestral group is 

compared to the non-reference ancestral group [29-34] in a regression framework. When 

two ancestral populations are present, (e.g. African Americans), this is a direct 

comparison of both ancestral populations because the non-reference ancestral group 

consists of only one ancestral population. When three ancestral populations are present, 

the non-reference ancestral group consists of two ancestral populations combined. This 

model tests the effect of one ancestry compared to having either of other ancestries at that 

locus. Assessing the effect of each ancestry requires running multiple models and this is 

unsatisfactory.  

Furthermore, regression assumes subjects are unrelated, however, many genetic 

studies now include individuals with some degree of relatedness [16]. Failure to properly 

correct for relatedness and population structure can result in inflation of the test statistics 

[17]. When applied to GWAS data, mixed model methods have been shown to protect 

against spurious associations in structured samples by directly accounting for sources of 

dependence including cryptic relatedness and population stratification [18,19].  

We propose a linear mixed model-based approach for admixture mapping, 

AdmMix-LM, implemented using local ancestry estimates based on genome-wide data 

and an empirical relatedness matrix that can jointly test more than two ancestries, where 

population structure is accounted for with both fixed and random effects. We assess the 

power of our method across a range of SNP effect sizes, additive genetic variance 

parameters and allele frequency differences at the causal local across ancestral 

populations.  

We apply our method to analyze traits in WHI-SHARe AA and HCHS/SOL 

subjects, comparing results to those acquired using regression. Analyses performed on 

WHI AA described in Chapter 2 include an unrelated set of WHI AAs. For analyses 

considered here, we include the full set of subjects. Similarly, when comparing results to 

regression in HCHS/SOL, we include the full set of subjects. In both data sets, regression 



shows extreme over-inflation of the test statistics. For HCHS/SOL we compare results 

with MLM-based association mapping.  

As a real data example, we look at uACR in HCHS/SOL. Increased urine albumin 

excretion, or albuminuria, is associated with a higher lifetime risk of end-stage renal 

disease (ESRD) and with increased cardiovascular disease risk [75,76]. Both albuminuria 

and ESRD differ by racial/ethnic groups in the U.S. with the lowest and highest risks 

noted in European and Amerindian populations, respectively.  Using sex-specific cut-

points, albuminuria prevalence in the U.S. is 10.3% in whites, 13.6% in African 

Americans, 9.9% in Mexicans Americans [77], over 20% in American Indians [78], and 

12-14% in Hispanics/Latinos of the Hispanic Community Health Study / Study of Latinos 

(HCHS/SOL) [79]. Hispanic/Latinos also have an approximately two-fold higher risk of 

ESRD than whites [80]. However, Hispanics/Latinos are a heterogeneous group who 

show diversity in ancestry background including Amerindian, European and West 

African [81]. The percentage of African and Amerindian ancestry have previously been 

associated with albuminuria prevalence in Hispanic/Latino populations [82,83].   

Despite the strong evidence for a role of ancestry in chronic kidney disease 

(CKD) susceptibility, few studies of kidney traits have leveraged the known genetic 

admixture in Hispanic/Latino populations to discover potential chromosomal regions that 

may harbor variants which confer risk for CKD traits such as albuminuria.  Among the 

two genome-wide significant loci that have been identified and consistently replicated for 

albuminuria, CUBN (chromosome 10) genetic variants are associated with albuminuria in 

individuals of European ancestry and Hispanic/Latinos [84], and the HBB variant related 

to sickle cell trait (chromosome 11) is African-specific and associated with albuminuria 

in Hispanic/Latinos with African admixture [85]. An additional African-specific gene 

associated with albuminuria and CKD is APOL1 [86].  Our recent work in the 

HCHS/SOL has confirmed a high proportion of Amerindian ancestry among Mainland 

Hispanics (Mexican, Central and South American), who also had low proportion of 

African ancestry [87]. However, Mainland Hispanics have similar mean albuminuria and 

frequency of increased albuminuria compared to individuals of Caribbean background 

(Cuban, Dominican, Puerto-Rican), in spite of the absence of African-specific risk 



variants (APOL1 or HBB). This evidence suggests the presence of Amerindian ancestry 

variants in Hispanic/Latinos influencing albuminuria.   

 There is great potential for genetic studies of CKD in Hispanics/Latinos to 

provide new insight into population-specific variants that confer risk for CKD traits but 

have not been uncovered through genome-wide association studies (GWAS). Admixture 

mapping leverages the known genomic heterogeneity of admixed individuals for 

improved genetic discovery, by identifying loci that contain genetic variants with highly-

differentiated allele frequencies among ancestral populations that are also significantly 

associated with a trait. It can use local ancestry at genomic regions to capture both 

common and rare variants. Prior research leveraging admixture has successfully 

identified the APOL1 alleles as a strong risk factor for hypertensive-attributable CKD, 

focal segmental glomerulosclerosis and HIV nephropathy in African Americans [86,88].  

We use AdmMix-LM to identify loci that may harbor variants which increase 

albuminuria risk in a large population of Hispanic/Latinos.  We identified a new locus at 

chromosome 2 which harbor Amerindian-specific variants associated with albuminuria 

and these findings were replicated in a cohort of Pima Indians.  

 

 

5.2 Methods 

5.2.1 Linear Mixed Model for Admixture Mapping with ! Ancestral Populations  

 

Suppose we collect ! subjects that are admixed from ! ancestral populations indexed by 

! = 1,… ,!. We propose a linear mixed model (LMM) extension to (1) for quantitative 

traits:  

 

! = !!! + !!!!! + !!"+ !!,     (2) 

 

where !!  is an !!× ! − 1  matrix of ancestry allelic dosages for locus ! with 

corresponding effect size vector !!, which is a vector of length ! − 1. The matrix ! 

represents covariate adjustment variables such as PCs with corresponding fixed effect 

vector !. We assume !!~!!(!,!!!! + !!!!!), where ! is a relatedness matrix and ! is an 



identity matrix. The parameters !!!and !!! represent additive genetic and environmental 

variances, respectively. This model can extended to include additional random effects for 

more complex sampling designs. Generalized least squares can be used to fit this linear 

mixed model to test the null hypothesis !!:!!! = !. The variance components, !!! and 

!!!, are estimated once under the null using restricted maximum likelihood (REML).  

The interpretation of admixture mapping coefficients when three ancestral 

populations are present is not immediately obvious but can be found by letting 

(!!,!!,!!) be three vectors of local ancestry calls at a locus of interest for subjects 

admixed from three ancestral populations. We will let the third ancestral population serve 

as the reference population. The model is then given by:  

! = !!! + !!!!! + !!!! + !!"+ !!.    (3) 

!! is the average increase in Y for each additional copy of an population 1 allele, holding 

all other covariates constant. Holding all other covariates constant implies !! is held 

constant. Therefore,!!! is effect of substituting one population 1 allele for one population 

3 allele and !! is effect of substituting one population 2 allele for one population 3 allele. 

Finally, (!!- !!)= effect of substituting one population 2 allele for one population 1 

allele. 

 

5.2.2 Admixture Mapping in WHI-SHARe AA                

The use of mixed models in association mapping is widely accepted for protection 

against false positives due to sources of structure. The problem has been assessed in the 

context of association mapping but not admixture mapping. To determine whether the 

problem exists in admixture mapping and to what degree, we perform the ‘naïve’ analysis 

including all WHI-SHARe AA subjects in a linear regression admixture mapping via 

PLINK for log white blood cell count (WBC), adjusting for global ancestry proportions.  

 

5.2.3 Admixture Mapping in HCHS/SOL  

We use genotype and local ancestry data from HCHS/SOL to analyze log urinary 

albumin-to-creatinine ratio (uACR) with AdmMix-LM. Our primary analysis included a 

joint test for all three local ancestries. The significance threshold used is described in the 

section below. As secondary analyses, for chromosomes containing SNPs that reached 



genome-wide significance in our primary analysis, we conducted both single ancestry 

admixture mapping tests to identify the ancestry driving the signal and association 

mapping with linear mixed models as a comparison. For all analyses considered, the 

covariate adjustment included sex, age, the first five PCs, recruitment center, smoking, 

log of sampling weight and genetic analysis group (a six level categorical variable 

derived using self-identified background). We excluded any individuals with missing 

outcome or covariate data, Asian outliers identified with PCA, clinical conditions, 

blood/lymph malignant tumor, bone cancer, pregnancy, chronic kidney disease, 

chemotherapy, and blood cell count outliers (blasts or immature cell >5%). To obtain a 

more normalized trait distribution, uACR was log-transformed. Due to the sampling of 

participants in HCHS/SOL, we chose to add two additional random effect parameters for 

the association and admixture mapping mixed models: block group and shared 

household.  

 

5.2.4 Assessment of Power  

We assessed the power of our method using simulated trait data that reflected the 

complex correlation structure present in HCHS/SOL, varying the difference in allele 

frequencies across ancestral populations at the causal locus. To do this, we first 

calculated allele frequencies within ancestral populations using ADMIXTURE. Based on 

these frequencies, we separated variants into three groups, variants that were lowly 

differentiated, moderately differentiated and highly differentiated across populations 

based on the maximum allele frequency difference between any two of the three 

populations falling within differences of <0.1, 0.1 to 0.5, and >0.5. Within each of these 

groupings, we randomly selected 500 SNPs at which to simulate a causal SNP effect. For 

each SNP, we drew phenotypes, Y, from a !(!!,!!!! + !!!!!), where, ! is the dosage 

vector of the causal SNP, ! ∈ [0.001,1.5] is the SNP effect size. We set !!! = 1, and 

varied !!! such that the heritability of the simulated trait, ℎ! = !!!!/(!!! +!!!), varied 

between 0 and 0.5. 

For the comparison with regression we drew phenotypes from N(!!,!!) and 

compared power at various effect sizes. To correct for any over-inflation in the regression 



model, we compared power for each using an empirically derived honest false positive 

rate (with N(!,!!) ) of 5% for each.  

Our simulations use real genotypes, with simulated phenotypes that are different 

for each SNP being tested with the underlying difference in allele frequencies across 

ancestral populations varying across SNPs. This framework leads to more realistic 

admixture association signals to what would be expected in real study settings as 

compared to using simulated genotypes.  Covariate and ancestry adjustment included 

principle components and genetic analysis group. We recorded power as the proportion 

of p-values exceeding our chosen significance threshold for locations falling within a 5 

kB window surrounding the causal SNP. We record a genome-wide genomic control 

inflation factor, !!" , for each simulated replicate.  

We assess power in terms of the amount of phenotypic variance explained by a 

simulated causal locus instead of effect size. One key quantity of interest in genetic 

studies is the amount of heritability explained by individually significant single-marker 

associations [59]. In simulation, one can calculate this quantity knowing the true effect 

size of the simulated causal variant using the formula from quantitative genetics 

ℎ!"#$"%! = 2!(1− !)!! where p is the frequency of the SNP and !! = !!
!!!!!!!!

.  

To obtain insight for when admixture mapping and association mapping results 

might differ at rare variants not tagged well by SNP data but that appear on an ancestral 

background, we performed a simple simulation study. We simulated genotypes and their 

local ancestry at two loci with correlation R ∈ [0,0.3] for 5,000 admixed subjects from 

two populations assuming a uniform distribution of global ancestry values across 

subjects. One locus was chosen as the causal locus. Phenotypes were simulated from 

N(0,!!") where ! is the genotype at the causal locus and B taking values of 0.1 or 0.2. 

Frequency differences at the causal locus were constructed to vary between 0 and 0.9. We 

estimated the power (the proportion of p-values<0.05) using the genotype at the causal 

locus, the proxy locus (which was correlated with the causal locus) and the local ancestry 

at the causal SNP as the predictor of interest in a regression of the phenotype, adjusting 

for global ancestry proportions.  

 

5.3 Results  



5.3.1 Admixture Mapping in WHI AA   

 Figure 9 shows the admixture mapping results of WBC using regression with 

signs of serious inflation (!!"=1.6). Figure 10 shows the analysis using AdmMix-LM 

still identifying the known signal on chromosome 1 in the Duffy gene region but with no 

signs of inflation (!!"=0.86). Results with adjustment for PCs were identical and are not 

shown.  

 
Figure 9: Manhattan Plot for log White Blood Cell Count using Linear Regression 

in Full WHI-SHARe African American Cohort 

Manhattan plot of −!"#!"(!-values) at all unique local ancestry inferred positions from 

SNPs in common to WHI-SHARe and reference panels for WBC in the full African 



American cohort of the WHI-SHARe study. The dotted grey line indicates genome-wide 

significance (p-value < 7.6×10!!). Genome-wide significant SNPs appear in regions on 

chromsomes 1, 7, 8 and 13.   

 

 

 
Figure 10: Manhattan Plot for log White Blood Cell Count using Linear Regression 

on PC-AiR PCRelate Unrelated Subjects  

Manhattan plot of −!"#!"(!-values) at all unique local ancestry inferred positions from 

SNPs in common to WHI-SHARe and reference panels for log WBC in the unrelated 

African American cohort of the WHI-SHARe study. The dotted grey line indicates 



genome-wide significance (p-value < 7.6×10!!). The only SNPs reaching genome-wide 

significance are in a region of chromosome 1.  

 

5.3.2 Admixture Mapping in HCHS/SOL  

The median urine albumin to creatinine ratio (UACR) was 6.54 mg/dl, 

interquartile 4.49 and 12.24.  Three percent of individuals had an estimated glomerular 

filtration rate (eGFR) < 60 ml/min/1.73 m2 and 14.1% had albuminuria (UACR ≥ 17 

mg/g in men and ≥25 mg/g in women). We used AdmMix-LM on log-transformed 

albuminuria, conducting a joint test for three ancestries (Amerindian, West African, 

European) at genomic loci, adjusting for age, sex, study center, and principal components 

of ancestry. This admixture mapping analysis identified three genome wide significant 

regions (Figure 11), with no signs of inflation (!!"  = 1.11). The most significant peak 

spans 2q11.2-q14.1 with a minimum p-value achieved (p=5.2 x 10-7) at 2q13. The second 

spans 11q13.2-q13.4 with a peak at 11q13.3 (p=3.4 x 10-5). The third peak is located in 

the 16p13.3 gene region (p= 3.6 x 10-5). Secondary admixture mapping analyses that 

tested the local ancestry of each ancestral group separately revealed that the 2q13 locus 

was significantly associated with local Amerindian ancestry, whereas the 11q13 locus 

was associated with both local Amerindian and local European ancestry, and the 16p13 

locus was associated with local African ancestry (Figure 12). Association analyses 

performed using imputed genotypes within a 10Mb window around 2q11.2-q14.1 yielded 

two SNPs significantly associated with UACR: rs116907128 (minor allele frequency 

[MAF] = 0.14, p= 1.5x10-7) and rs586283 (MAF=0.35, p= 4.2x10-7, linkage 

disequilibrium=0.11), located 5’ upstream of BCL2L11 (Figure 13).  

To determine if these two identified SNPs on chromosome 2 account for the 

admixture mapping findings, we repeated the admixture mapping analyses using these 

SNPs as covariates. Adjusting for rs116907128 markedly reduced the admixture mapping 

signal (p=0.0018) at the chromosome 2 locus, whereas conditioning on rs586283 slightly 

attenuated the association findings (p=1.4x10-4). Analyses including both SNPs showed 

similar results to conditional analysis on rs116907128. Neither of these SNPs were 

associated with eGFR in Hispanic/Latinos (rs116907128, p=0.97 and rs586283, p=0.15) 

or diabetes (p=0.81 and 0.46, respectively).  SNP rs116907128 is monomorphic in 1000 



Genome Project European and African samples, but it is a common variant among full 

heritage Pima Indians (allele frequency=0.55). In a replication analysis conducted in 

American Indians predominately of Pima Indian heritage, rs116907128 nominally 

associated with UACR as a continuous trait (N= 2,364; p=0.03) and type 2 diabetes (N= 

7,635; p = 0.049; OR= 1.11 [95% CI 1.00-1.23]), but not with diabetic nephropathy in a 

case (UACR>300 mg/g or end stage renal disease) versus control (UACR<300 mg/g) 

analysis (N= 2,465; p= 0.23; OR= 1.10 [95% CI 0.94-1.30]).  

We used Haploreg to query the evidence for regulatory function of SNPs on 

chromosome 2 in the Epigenome Roadmap Project and ENCODE data [89].  

rs116907128 overlaps enriched regulatory annotations for dnase I hypersensitivity sites 

(DHS) in multiple tissues including fetal kidney and immune cells. This variant also 

overlaps transcription factor binding sites, including histone H3K4me1, H3K4me3, 

H3K27ac and H3K9ac in several cell lines.  

 

 

 

 

 

 
Figure 11: Manhattan Plot of Joint Test Admixture Mapping for log Urinary 

Albumin-to-Creatinine Ratio  

Manhattan plot of −!"#!"(!-values) at all unique local ancestry inferred positions from 

SNPs in common to HCHS/SOL and reference panels for log urinary albumin creatinine 

ratio in HCHS/SOL. The dotted grey line indicates genome-wide significance (p-value 



< 5×10!!). Genome-wide significant SNPs appear in regions of chromosomes 2, 11 and 

16.  

 

 

 

 

Native American vs. Other  

 
African vs. Other  

 
European vs. Other  



 
Figure 12: Manhattan Plot of Single Ancestry Tests for log Urinary Albumin-to-

Creatinine Ratio  

Panels showing the Manhattan plots of −!"#!"(!-values) at all unique local ancestry 

inferred positions from SNPs in common to HCHS/SOL and reference panels for log 

urinary albumin-to-creatinine ratio in HCHS/SOL. The dotted grey line indicates 

genome-wide significance (p-value < 5×10!!). Local ancestry associations at the most 

significant SNPs lying in a region of chromosome 2 are Native American driven. Tests 

for Native American and European ancestry yield SNPs that share a genome-wide 

significant region on chromosome 11. Tests for African ancestry yield genome-wide 

significant SNPs in a region on chromosome 16.  

 

 

 

 

 

 



 



Figure 13: −!"#!"(!-values) for Association and Admixture Mapping of log 

Urinary Albumin-to-Creatinine Ratio on Chromosomes 2, 11 and 16   

Plot showing the −!"#!"(!-values) for association and admixture mapping of log urinary 

albumin-to-creatinine ratio for positions on chromosomes 2, 11 and 16. Association 

results are filtered to exclude variants with MAF < 0.00123 and MAC < 30. Grey dashed 

and red dotted lines indicate genome-wide significance for association and admixture 

mapping, respectively. Admixture mapping results are shown in blue and the association 

mapping results are shown in black. SNPs in region 2q12.1-q14.1 show SNPs with p-

values of similar magnitude across association mapping and admixture mapping.  

 

 

 

5.3.2 Assessment of Power  

Figure 14 illustrates the power and !!" !for lowly, moderately and highly 

differentiated SNPs at various effect sizes using 5.4×10!! as a p-value threshold for 

determining genome-wide significance. As expected, the power to detect a genome-wide 

statistically significant SNP effect increases as the difference in allele frequencies 

increases across ancestral populations.  



 
Figure 14: Power Curves for AdmMix-LM with !! = !.! 

The proportion of true positive associations identified (power) at a nominal significance 

level of ! = 5×10!! by AdmMix-LM in all three classes of SNPs, is shown for each 

choice of ℎ!"#$"%!  for the causal SNP of interest.  

 

Figure 15 illustrates the power and !!" !for lowly, moderately and highly 

differentiated SNPs at various effect sizes comparing regression and AdmMix-LM at 

controlled 5% false positive rates. AdmMix-LM shows increased power over regression.  
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Figure 15: Power Curves for AdmMix-LM and Linear Regression with 

!! = ! 

The proportion of true positive associations identified (power) at an honest false positive 

rate of 5% by AdmMix-LM (solid lines) and linear regression (dashed lines) is shown for 

each choice of effect size for the causal SNP of interest wide in all three classes of SNPs. 

The honest false positive rate for the linear regression model does not match the nominal 

level of the test, !, due to mis-calibration of the test at null SNPs.  
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Our secondary analysis revealed we had lower power to detect traits with high 

heritability (Figure 16), likely due to the increased correlation in trait values, which 

decreased the effective sample size. As observed in the null simulations, !!" !decreased as 

heritability increased. Furthermore, we observe higher !!" !with more differentiated 

SNPs.  

 

 

 

 
Figure 16: Power and Inflation Factor Curves for AdmMix-LM 

Left panels show the genome-wide genomic control inflation factor, !!" , by AdmMix-

LM in all three classes of SNPs and all six ℎ! values considered at each choice of effect 

size for the causal SNP of interest. The right panels show the proportion of true positive 
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associations identified (power) at a nominal significance level of ! = 5×10!! by 

AdmMix-LM in all three classes of SNPs and all six ℎ! values considered for each choice 

of effect size for the causal SNP of interest.  

 

 

 Figure 17 shows the power to detect the causal locus using local ancestry versus a 

SNP that serves as a proxy for the true SNP. When r=0.2, local ancestry has greater 

power over the proxy SNP when the frequency difference between the ancestral 

populations is greater than 0.22. Local ancestry has higher power than using the marker 

(proxy) SNP when the allele frequency difference is greater than 0.46 when r=0.3. When 

r<0.2, local ancestry had higher power over the proxy SNP at all frequency differences 

(results not pictured).  

 

 

 

  

 

 



 

 
Figure 17: Power Curves for SNP and Local Ancestry Association Analyses 
Panels showing the power to detect the causal SNP at p=0.05 when r=0.2 (upper panel) 
and r=0.3 (lower panel) between the causal and proxy SNP locus for each choice of allele 
frequency differences across ancestral populations. The parameter B represents SNP 
effect size. Color denotes predictor of interest used. Line type denotes effect size. 



 

5.4 Discussion   

We have described a powerful approach for gene mapping in admixed 

populations and have demonstrated (1) its ability to detect SNP associations not identified 

by mixed model association methods, (2) its ability to adequately control for sub-

continental admixture and relatedness with the use of SNP array data, and (3) has 

adequate type I error rates when applied to data with relatedness. In this model, sample 

structure is addressed by both fixed and random effects. Population structure is accounted 

for by including ancestry representative PCs as fixed effects and relatedness is accounted 

for by modeling the trait covariance structure with an ancestry-adjusted relationship 

matrix.  

Admixture mapping can yield complementary as well as different results from 

association mapping. This stems from the correlation structure of ancestry where ancestry 

is inherited in blocks whose length depends on the number of generations since 

admixture. Using local ancestry as a predictor of interest protects against unreliable 

behavior of SNPs with low minor allele frequency. As long as the average ancestry at 

each marker position is not rare for any of the ancestral groups, which will be the case for 

most Hispanic and African American populations, the test statistics do not need to be 

filtered. As a result, admixture mapping has the ability to capture both rare and common 

variation occurring on a genetic background. As shown here, admixture mapping can 

have greater power over association mapping for causal SNPs not well captured by 

genotype arrays when allele frequency differences across ancestral populations are 

substantial. Another advantage of admixture mapping is the reduced multiple-hypothesis 

testing burden compared to SNP association mapping, admixture mapping.  

 We used AdmMix-LM to identify novel loci which may harbor variants which 

confer risk for albuminuria.  The main findings of our study are the identification of three 

novel genomic regions at chromosomes 2, 11 and 16 for UACR in this large and diverse 

population of Hispanic/Latinos. This approach identified an Amerindian-specific locus at 

chromosome 2, driven by a variant at 5’ of BCL2L11, common in Amerindians but rare 

in other populations. To date, the only other validated genome-wide significant loci for 

UACR are CUBN and HBB related to sickle cell trait [84,85]. Two additional UACR loci 



located at 2q21 (HS6ST1) and 11q14 (near RAB38/CTSC) were recently described in a 

GWAS of diabetic individuals (n=5,509 to 5,825) of European ancestry [90]. These 

regions do not overlap our identified loci. We previously have shown significant genome 

wide associations of CUBN and HBB with UACR in the HCHS/SOL study (Kramer, 

JASN, in press). The most significant CUBN variant has similar and very low allele 

frequency in Mainland and Caribbean Hispanic subgroups and therefore will not be 

expected to be identified in admixture mapping.  

 Our main admixture mapping finding is BCL2L11, which encodes a pro-

apoptotic protein that belongs to the BCL-2 protein family. Several lines of evidence 

suggest a role of this gene and its protein in kidney development and kidney disease 

states. MicroRNA (miRNA)-mediated regulation of Bcl1211 expression in mice plays an 

important role in nephron progenitor survival during kidney development [91]. MiRNA 

are involved in post-transcriptional repression of target mRNAs. Loss of miRNAs in 

nephron progenitors increased apoptosis and elevated expression of protein Bim (also 

known as BCL2L11) leading to a decrease in nephron number [91]. Bim null mice 

manifest systemic autoimmune disease and immune complex glomerulonephritis [92]. In 

an experimental study of diabetic nephropathy, increased advanced glycation end 

products (AGE) promoted Bcl2l11 expression, leading to podocyte apoptosis [93].  

The variant we identified, located at the 5’ of BCL2L11, overlaps enriched 

regulatory annotations for DHS and histone marks in fetal and adult kidney, and in 

several other cell lines including immune cells. This evidence suggests a regulatory 

function on these cells and tissues. Among American Indians, this variant associated with 

urinary albumin creatinine ratio (N= 2,364; p=0.03) and type 2 diabetes (N= 7,635; p = 

0.049) but not with eGFR or diabetic nephropathy. In HCHS/SOL Hispanics/Latinos, 

there was no association with either type 2 diabetes or eGFR. Since local ancestries of an 

individual are fixed over regions, the detected signal region is quite large. Therefore, to 

localize a region into a candidate SNP, we use association testing. In the region on 

chromosome 2, there was an apparent match between the admixture mapping signal 

region and the association-testing signal. However, in the regions detected on 

chromosome 11 and 16, there were no highly significant SNPs. This could be due to low 

power in association testing (e.g. due to relatively low combined MAF of the tag SNPs), 



or due to lack of good proxies of the causal SNP. Further studies will require sequencing 

of the chromosomes 11 and 16 loci to identify variants (common and rare) accounting for 

the admixture signal in Hispanics/Latinos in addition to fine-mapping regions associated 

with Amerindian local ancestry in studies of American Indians.  

Our study is limited by the available genomic markers (imputed and genotyped) 

for fine mapping of regions. Although we found strong associations of rs116907128 at 

the locus which accounted for the local ancestry association in the admixture mapping, it 

is possible that this SNP is correlated with one or more variants in the region, and it is not 

the “causal” variant. In addition, further studies examining longitudinal changes in 

kidney function and UACR are needed to better characterize the relevance of the HS6ST1 

gene to albuminuria and CKD, which may provide important clues on the clinical impact 

of this variant.  The HCHS/SOL is currently examining the participants in second visit, 

which data could be used for these follow-up studies.  Our study provides important 

information on the presence of Amerindian-specific genetic variants associated with 

albuminuria in Hispanics and American Indians. 

The significance threshold varied slightly across heritability levels but remained 

on the order of 10!!.!Consistent with known results on admixture mapping, the power to 

detect loci increased as the maximum difference in allele frequencies across ancestral 

populations increased. While inflation factors are commonly reported for GWAS studies, 

they are not often reported in admixture mapping studies [10-15] and the behavior of 

local ancestry test statistics with regards to genome-wide genomic control inflation 

factors has not been well studied. In Chapter 3 we observed a positive linear relationship 

between the genome-wide genomic control inflation factor and local ancestry effect size 

for admixture mapping with linear regression. We observe a similar trend here, made 

more extreme as the allele frequency differences across ancestral populations increases. 

The protection against this, conditioning on a top result to elimination over-inflation and 

assess secondary signals, can be used in this context as well. We expect a largely 

polygenic trait to show a higher !!"  so the decrease in !!"  with increasing trait 

heritability was quite surprising.  

Our linear mixed model method assumes that variances across subgroups are 

equal. We note that in various scenarios, this may not be true and may cause inflation 



when prevalence differs across groups [46]. Although we have focused here on Hispanic 

Americans, in principle, our approach is also suitable for any admixed population.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Chapter 6 

ADMIXTURE MAPPING WITH LOGISTIC MIXED MODELS 

6.1 Introduction 

Binary outcomes are common in genetic studies through case-control study 

designs. Linear mixed models assume a trait is quantitative but can be implemented to 

analyze binary traits by simply treating the binary outcome variable as if it were 

continuous. Within the linear mixed model, the assumption of constant residual variance 

can be violated when analyzing a binary outcome with covariates due to population 

structure. This can lead to inflated type I error rates. Recently, Chen et al. developed a 

logistic mixed model that correctly accounts for variance components of a binary trait. 

The same problems observed in the association mapping case for the analysis of binary 

traits using linear mixed models will also apply to admixture mapping. In Chapter 5, we 

developed the AdmMix-LM method for admixture mapping with linear mixed models 

that utilizes a joint test for all ancestries under consideration. Here, we implement a 

logistic mixed model for admixture mapping. We apply the logistic admixture mapping 

method to the ADSP Hispanic families where a genome-wide significant signal for 

Alzheimer’s disease within the MYO16 gene is identified that is not detected by 

association mapping.  

 

6.2 Methods  

6.2.1 Logistic Mixed Model 

Consider a sample of ! individuals who are admixed from  ! ancestral 

populations.  Let ! = !!,!!,,… ,!!,  be a binary trait vector, where !!, takes values of 1 

or 0, if individual !  is affected or unaffected, respectively. Assume that the subjects have 

been genotyped at ! single nucleotide polymorphism (SNP) markers.  We propose to 

model the relationship between the trait ! and the ancestry at position ! ∈ {1,… ,!} using 

a logistic mixed model given by:  

 

!"#$% ! = !!! + !!!!! + !!"+ !!,       (3) 

where ! = !Pr ! = !! !!,!, !) is the vector of probabilities of the binary outcome,  !!  
is an !!× ! − 1  matrix of ancestry allelic dosages for locus ! with corresponding effect 



size vector !!, which is a vector of length ! − 1.  The matrix ! represents covariate 

adjustment variables such as PCs with corresponding fixed effect vector !. We assume 

!!~!!(!,!!!! + !!!!!), where ! is a relatedness matrix and ! is an identity matrix. The 

parameters !!!and !!! represent additive genetic and environmental variances, 

respectively.  

To test the association between the binary outcome ! and ancestry at position !, 
we first fit the null model:  

!"#$%(!!)= !!! + !!"+ !!,     (4) 

where !! = !Pr ! = !! !, !). Variance components are calculated using AI-REML. 

Once variance components are obtained, we use a Penalized Quasi-Likelihood method to 

iteratively update the fixed effects until convergence it reached, using a Cholesky 

decomposition to calculate matrix inversion at each iteration. Finally, we implement a 

score test for !! = !.  

 

6.2.2 Admixture Mapping in ADSP Hispanics 

165 CEU and 203 YRI from Hapmap3 were used as reference for European and 

African populations, respectively. 63 samples from the Americas in the HGDP data were 

included as surrogates for Native American ancestry. Hapmap and HGDP data sets were 

merged, keeping SNPs in common to Hapmap and HGDP, leaving 603,611 SNPs with an 

overall genotyping rate of 0.998.  We merged these reference panels with 545 Dominican 

Samples in the ADSP Family Study using PLINK, keeping SNPs in common to all data 

sets.  

After applying a genotype missingness filter of 7%, this left a combined set of 

273,523 SNPs with an overall genotyping rate of 0.996. We performed joint phasing of 

reference panels and Dominican Samples in the ADSP Family Study using Beagle 

version 3.3.2. We performed local ancestry estimation in Dominican Samples in the 

ADSP Family Study using RFMix version 1.5.4 assuming subjects are admixed from 

European, African and Native American populations, using Hapmap CEU, Hapmap YRI 

and HGDP Native American as reference. We calculated proportions of global ancestry 

from European, African and Native American populations for Dominican Samples in the 



ADSP Family Study by averaging across local ancestry values in all 273,523 SNPs for 

which we had local ancestry estimates.  

We implement with logistic mixed model admixture mapping with a joint test for 

all three ancestries described above with fixed effect adjustment for the first four 

principal components and a random effects for additive genetic and environmental 

variances. As a secondary analysis, we run single ancestry logistic mixed model 

admixture mapping to determine the ancestral group driving any observed signals. As a 

sensitivity analysis, we re-ran the logistic mixed model leaving out one family at a time. 

For comparison, we also run the analysis of AD in ADSP Caribbean Hispanic families 

using linear mixed model.  

 

6.3 Results  

Figure 18 displays the first two principal components for the ADSP Hispanic 

families and reference samples used for phasing and local ancestry estimation. ADSP 

Hispanic subjects cluster towards the European and African reference samples, reflecting 

their largely African America ancestry. Figure 19 shows the average ancestry for each 

ADSP Hispanic subject, ordered by increasing European ancestry proportions. The 

proportion of European ancestry per subject ranges from 0.22 to 0.89 with an average of 

0.65 and a SD of 0.13. African proportions ranged from 0.06 to 0.76 with an average of 

0.27 and an SD of 0.14. Native American varied between 0.01 and 0.27 with an average 

of 0.09 and an SD of 0.03. Several outlying subjects showed particularly high Native 

American ancestry with one family in particular having more Native American ancestry 

than other families.  

 



 
Figure 18: Principal Components  

Plot of the first 2 EVs from PC-AiR.  Each point represents one individual who is in the 
unrelated (o) or related (x) set. The color represents population source.  

 

 

 



 
Figure 19: Global Ancestry Proportion Estimates 
Bar plot illustrating the genome-wide global ancestry proportion estimates for each 
individual averaging estimated local ancestry from RFMix genome-wide. Each vertical 
bar represents one individual, and the proportion of that bar shown in each color 
represents the estimate of the genome-wide proportion of ancestry from the 
corresponding ancestral population.  Individuals are arranged in order of increasing 
estimated European ancestry within group. 

 

 

 

 



The p-value threshold obtained based on simulating a null phenotype was 

4.5×10!! (discussed in Chapter 3). Figure 20 displays the Manhattan plot for admixture 

mapping with a joint test for all three ancestries. We find a genome-wide significant hit 

on chromosome 13 near the MYO16 gene region (p=3.01!×10!!) which has been 

previously implicated in studies of AD [94] and dementia [95], and there exists evidence 

that it is expressed in the brain [96], making it a good candidate gene for AD. Our 

secondary analyses of admixture mapping testing single ancestries at a time revealed that 

the MYO16 region signal on chromosome 13 is driven by Native American ancestry 

(Figure 21). No single family appears to be driving the signal (Figure 22), as leaving 

each family out has a maximum change in p-value from 4.52 to 3.8 and 5.2 on the low 

and high end (on the –log10 scale). We had originally hypothesized that the heavily 

Native American family may be driving the signal but this does not appear to be the case. 

The family with the greatest influence on the signal, with a drop in p-value to 3.8, is not 

the family with the most Native American ancestry.  

 

 

 

 



Figure 20: Manhattan Plot of Joint Test Logistic Mixed Model Admixture Mapping 

for Alzheimer’s Disease  

Manhattan plot of −!"#!"(!-values) at all local ancestry inferred positions from SNPs in 

common to ADSP and reference panels for Azheimer’s Disease in the Caribbean 

Hispanic Family cohort of the ADSP. The dotted red line indicates genome-wide 

significance (p-value < 4×10!!). The only SNPs reaching genome-wide significance 

appear in a region of chromosome 13.   

 

 

 

 



Figure 21: −!"#!"(!-values) for Single Ancestry Logistic Mixed Model Admixture 
Mapping of Alzheimer’s Disease on Chromosome 13  
Panels showing the plot of −!"#!"(!-values) at all local ancestry inferred positions from 
SNPs in common to ADSP and reference panels for Azheimer’s Disease in the Caribbean 
Hispanic Family cohort of the ADSP. The dotted red line indicates genome-wide 
significance (p-value < 5×10!!). Local ancestry associations at the most significant 
SNPs lying in a region of chromosome 13 are Native American driven.  

 
Figure 22: Maximum −!"#!"(!-value) for Leave-One-Family-Out Logistic Mixed 

Model Admixture Mapping of Alzheimer’s Disease on Chromosome 13  

Each circle represents one family. The y-axis denotes the maximum −!"#!"(!-value) 

from a logistic mixed model admixture mapping analysis excluding that family.  

 

 



We compare the distribution of p-values using the logistic mixed model to the 

linear mixed model for admixture mapping, AdmMix-LM (Figure 23). For all p-values 

prior to the signal, the logistic mixed model stays closer to the expected 1-1 line than the 

linear mixed model. We find some slight deflation in the linear mixed model compared to 

the logistic mixed model, with the linear mixed model falling below the expected near 

p=0.001 with the logistic model gaining a slight power advantage over the linear mixed 

model near the top peak hit region. Figure 24 shows the direct p-value comparison of the 

linear and logistic mixed model. While most values fall close to the 1-to-1 line, the 

models do not give identical results.  

 

 



 
Figure 23: QQ-plot for Alzheimer’s Disease   
QQ-plot showing the distribution of ́−!"#!"(!-values) from linear and logistic mixed 
model admixture mapping for Alzheimer’s Disease.  
 

 

 



 
Figure 24: Logistic vs. LMM p-values  
Each point represents a SNP with the −!"#!"(!-value) linear mixed model on the x-axis 
and the −!"#!"(!-value) logistic mixed model on the y-axis.  
 

 

 

6.4 Discussion 

We have proposed a logistic mixed model for admixture mapping that corrects for 

sources of structure and dependence in data including relatedness and population 

structure when analyzing binary traits. We demonstrate that our method had correct type 

1 error rates and does not show the deflation that a linear mixed model does when 



analyzing real data. In traits showing differential risk by ancestry subgroup, this method 

properly models the underlying variance of the trait and will not be inflated, where linear 

mixed models may run into issues of inflation. The logistic mixed model also gives a 

slightly more significant p-value at our region of interest compared to the linear mixed 

model. Given the wide use of the case-control study design in genetics, the methods 

presented here have large applicability to future admixture mapping studies.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Chapter 7 

CONCLUSIONS AND FUTURE WORK 

In this dissertation, we have shown how admixture mapping can be a powerful 

tool for discovering novel variants, extending previous work in a regression framework 

testing a single ancestral population at a time. We have developed a new method for 

implementing admixture mapping that substantially improves the robustness of admixture 

mapping methods to population structure and relatedness. We (1) demonstrate and 

compare methods for assessing genome-wide significance in admixture mapping (2) 

identify and show how to correct for long range admixture-LD in admixture mapping 

studies, and (3) implement linear and logistic mixed models to perform admixture 

mapping in the presence of relatedness and population structure. Our methods are 

designed for two or more ancestral populations and take into account the complex 

structure present in modern admixed populations.  

Important directions for future work include extending the Siegmund-Yakir 

theory for two populations to directly model the correlation of ancestry and test statistics 

when three ancestral populations are present based on a multidimensional Ornstein-

Uhlenbeck process. In addition, it would be valuable to further investigate the behavior of 

inflation factors in admixture mapping. Results presented here suggest that one should 

not over-interpret an inflation factor as they seem extremely sensitive to trait distributions 

and are not as stable compared to association mapping.  

The problem of how to interpret admixture mapping results in conjunction with 

association mapping results presents an interesting problem. When genome-wide 

significant association and admixture mapping results agree, admixture mapping provides 

a nice complement to a main association mapping analysis. When admixture mapping 

identifies a genome-wide significant signal that is suggestive along the same order of 

magnitude in association mapping, one can conclude that it is possible the high multiple 

testing burden paid in association mapping dampened the signal and that the signal is 

real. Furthermore, when association mapping finds a result that admixture mapping does 

not, it is possible the signal is real given that admixture mapping needs a difference in 

allele frequencies to detect a results and this may not be present at the causal locus. 

Finally, in instances where admixture mapping finds a genome-wide significant SNP that 



is not remotely suggestive in association mapping (e.g. p-values not less than 0.001), then 

follow-up and interpretation of admixture mapping results becomes tricky and less 

reliable. Careful consideration must be taken when performing and interpreting 

admixture mapping signals and results should never be considered alone without 

supporting information.  

For the follow-up of association mapping in regions of interest identified by an 

admixture mapping scan, it is not immediately clear how far from a top peak one should 

search. In GWAS, regions directly surrounding top SNPs or at top SNPs only are 

investigated for functional relevance to the trait of interest. Peaks in admixture mapping 

are more continuous and cover a wider area. In admixture mapping, as with linkage 

mapping we may want to investigate an area surrounding a top SNP. The entire peak 

regions can be quite long, spanning several megabases. In linkage mapping, LOD-support 

intervals approximate 95% confidence intervals under modest assumptions are used to 

provide statistically precise and valid chromosomal regions for fine mapping following 

initial identification of broad regions that are identified via linkage. Given that we 

observe a locus, !!"#, which maximizes the likelihood in a linkage scan, we define a 

LOD-support interval as all loci !!"#,!such that 

!"#!" !" !!"#,! ≤ max !" !!"# + 1 and 

!"#!" !" !!"#,! ≥ max !" !!"# − 1 

 

Preliminary simulation results shown below in Figure 25 yield high coverage for 

LOD-support intervals based on one or two LOD difference from a top SNP when two or 

three ancestral populations are present in a linear regression. For these simulations, we 

simulate local ancestry for a 100cM region for 5,000 admixed individuals at admixture 

proportions of 50-50 and 50-40-10, respectively, creating phenotypes drawn from a 

N(XB,1) for B∈ [0.001,1], recording interval length and coverage of the true randomly 

chosen causal locus across 1,000 replicates. The results shown are for effect sizes that, on 

average, exhibited p-values that were large enough to be considered genome-wide 

significant in an admixture mapping scan.  

 



 

 
Figure 25: LOD-support Interval Coverage and Length  
Panels showing the LOD-support interval coverage (upper panel) and interval length 
(lower panel) for LOD1 and LOD2 intervals across replicates of simulated phenotypes 
for simulated populations with two and three ancestral populations at each choice of 
ℎ!"#$"%!  for the causal SNP of interest.  
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This method for constructing LOD-support intervals is straightforward in the case 

of regression because the likelihood can be easily calculated at each SNP position. 

Extending this in the mixed model framework is an open and interesting problem that 

should be addressed for future admixture mapping studies.  

 

   

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Appendix

Mathematical Derivations

Consider an admixed population that was formed g generations ago w/ admixture fractions
⇡ and (1� ⇡). For loci r and s separated by a recombination fraction ✓, let

Xj =

⇢
0 gamete at locus j from pop. 2
1 gamete at locus j from pop. 1

, for j 2 {r, s}

Then

Corr(Xr, Xs) =
Cov(Xr, Xs)

(V ar(Xs)V ar(Xr))1/2

=
Pr(Xr = Xs = 1)� Pr(Xr = 1)Pr(Xs = 1)

(⇡(1� ⇡)⇡(1� ⇡))1/2

=
⇡(1� ✓)g � ⇡

2(1� ✓)g

⇡(1� ⇡)

= (1� ✓)g

The correlation between local ancestry haplotypes can be derived in a more straight forward
manner as:

Corr(Xr, Xs) = Pr(same ancestry at positions r & s)

= Pr(no recombination) + Pr(recombining back to original ancestry)

= (1� ✓)g + [1� (1� ✓)g]pancestry

where pancestry is the admixture proportion of that ancestry in the admixed population. The
second quantity in the formula will likely be negligible in practice.



For maternal and paternal haplotypes, m and p, respectively, let

aj = Xj,p +Xj,m

Using the known admixture fractions, we can construct a Wald statistic to test for an association
between aj and Y :

Zj =
�̂

SD(�̂)

=
Cov(aj, Y )/V ar(aj)

(V ar(aj)�1
V ar(Y ))1/2

=
E[(aj � E[aj])(Y � E[Y ])]

(V ar(aj)V ar(Y ))1/2

=

PN
i=1(aij � 2⇡)(Yi � Ȳ )

(2⇡(1� ⇡)�̂2
Y )

1/2

The correlation between statistics Zr and Zs is given by

Corr(Zr, Zs) = Corr(ar, as)

=
Cov(ar, as)

(V ar(Zs)V ar(Zr))1/2

=
Cov(Xr,p, Xs,p) + Cov(Xr,m, Xs,m)

2⇡(1� ⇡)

= (1� ✓)g

Therefore,

Corr(Zr, Zs) = Corr(Xr, Xs) = (1� ✓)g ⇡ e

�✓g ⇡ e

�0.01�g

assuming ✓ ⇡ 0.01� where � is the cM distance between locus r and s. Then Corr(Zr, Zs)
follows an Ornstein-Uhlenbeck process with parameter 0.01g and we can simulate from this
directly to determine the behavior of admixture mapping test statistics within a chromosome.

For a multivariate extension to this, suppose we have a target population that was formed
g generations ago by the blending of K ancestral populations at a proportions ⇡1, ⇡2, ..., ⇡K . Let
ãk = (a1k, a2k, ..., aNk)�2⇡k represent the vector of normalized ancestry value counts for the kth
population for the N admixed subjects. The regression coe�cient is given by

�̂ =

0

BBBBB@

0

BBBBB@

1

T

ã

T
1

ã

T
2
...

ã

T
K�1

1

CCCCCA
(1, ã1, ã2, ...ãK�1)

1

CCCCCA

�1 0

BBBBB@

1

T

ã

T
1

ã

T
2
...

ã

T
K�1

1

CCCCCA
Y



Let �̂
⇤
be the K � 1 entries of �̂ corresponding to The Wald statistic for testing for an ancestry

e↵ect is

�̂⇤T ˆ
V ar(�̂⇤)�̂⇤

where �̂
⇤
is the final K � 1 entries of �̂ and

ˆ
V ar(�̂⇤) =

0

BBBBB@

0

BBBBB@

1

T

ã

T
1

ã

T
2
...

ã

T
K�1

1

CCCCCA
(1, ã1, ã2, ...ãK�1)

1

CCCCCA

�1

(2:K)⇥(2:K)

�̂

2
Y

The correlation of the regression-based statistics above will not be identical to the correlation
between the test statistics in the proposed mixed model framework used in practice. However,
ttreatment of the correlation shown here can be used as a good surrogate for what we can expect
in real applications of mixed models for admixture mapping. The theoretical calculation of the
correlation of test statistics based on the mixed model framework is outside the scope of this
project and will not be considered.
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