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Abstract

Identification and Mixture Deconvolution of Ancient and Forensic DNA using

Population Genomic Data

by

Samuel H. Vohr

Forensic scientists routinely use DNA for identification and to match samples with
individuals. Although standard approaches are effective on a wide variety of samples in various
conditions, issues such as low-template DNA samples and mixtures of DNA from multiple
individuals pose significant challenges. Extreme examples of these challenges can be found
in the field of ancient DNA, where DNA recovered from ancient remains is highly fragmented
and marked by patterns of DNA-damage. Additionally, ancient libraries are often characterized
by low endogenous DNA content and contaminating DNA from outside sources. As a result,
standard forensics approaches, such as amplification of short-tandem repeats, are not effective
on ancient samples. Alternatively, ancient DNA is routinely directly sequenced using high-
throughput sequencing to survey the molecules that are present within a library. However, the
resulting sequences are not easily compared for the purposes of identification, as each data set
represents a random and, in some cases, non-overlapping, sample of the genome.

In this dissertation, I present two approaches for interpreting shotgun sequences that
address two common issues in forensic and ancient DNA: extremely low nuclear genome cover-
age and mixtures of sequences from multiple individuals. First, I present an approach to test for
a common source individual between extremely low-coverage sequence data sets that makes use

iX



of the vast number of single-nucleotide polymorphisms (SNPs) discovered by surveys of human
genetic diversity. As almost no observed SNP positions will be common to both samples, our
method uses patterns of linkage disequilibrium as modeled by a panel of haplotypes to deter-
mine whether observations made across samples are consistent with originating from a single
individual. I demonstrate the power of this approach using coalescent simulations, downsam-
pled high-throughput sequencing data and published ancient DNA data. Second, I present an
approach for interpreting mixtures of mitochondrial DNA sequences from multiple individuals.
Mixed DNA samples are common in forensics investigations, either from the direct nature of a
case (e.g., a sample containing DNA from both a victim and a perpetrator) or from outside con-
tamination. I describe an expectation maximization approach for detecting the mitochondrial
haplogroups contributing to a mixture and partitioning fragments by haplogroup to reconstruct
the underlying haplotypes. I demonstrate the approach’s feasibility, accuracy, and sensitivity on
both in silico and in vitro sequence mixtures. Finally, I present the results of applying our mix-
ture interpretation approach on ancient contact DNA recovered from ~ 700 year old moccasin

and cordage samples.
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Chapter 1

Introduction

1.1 DNA-based identification

A diploid human genomes contains over 6 billion base pairs and differs from the hu-
man reference sequence at 4.1 to 5.0 million variant sites on average [102]. Over > 99.9% of
these variants are single-nucleotide substitutions and short insertions or deletions. For forensic
scientists, this variation represents a vast resource of information that can be used to distinguish
between individuals for the purposes of identification and attributing samples to individuals.
However, the central challenge in forensic identification has not been a lack of underlying in-
formation but how to access it quickly, efficiently, and in a way that is reproducible across sam-
ples and replicates [53]. To this end, forensic scientists have developed identification methods
based on relatively small numbers of highly polymorphic loci, which provide extremely high
discriminatory power. In this framework, DNA from a sample is genotyped at specific loci,

usually through amplification by PCR, to build a profile, a set of allelic observations for each



locus. The resulting profile can be compared directly with other profiles, against standardized
databases, or through statistical analysis for challenging samples.

The most commonly used approach for identification makes use of polymorphic loci
known as short tandem repeats (STRs) [53]. These loci contain a variable number (< 50) of
tandemly repeated short ( 2—6 base pairs (bp)) sequences. An STR can be easily genotyped by
PCR amplification based on the flanking sequence combined with gel or capillary electrophore-
sis to identify the number of repeats that are present. A profile is generated for a sample by
determining the number of repeats present in the two copies of each STR carried by an individ-
ual. As these loci harbor many distinct alleles (number of repeats), high discriminating power
can be obtain from a relatively small number of STR loci, particularly when STRs are not linked
(e.g., 13 for Combined DNA Index System (CODIS) used in the United States [18]).

In addition to STRs, the use of single nucleotide polymorphisms (SNPs) for iden-
tification has been explored [53, 19, 55]. As the name implies, these loci contain a single
nucleotide position where at least two distinct bases are observed within the population. Unlike
short tandem repeat segments, which can contain a variable number of repeats and thus many
possible variants, a SNP locus usually represents a binary marker. As a result, less information
is obtainable per amplification and more loci are required to gain power comparable to STR-
based identification [37]. As SNP loci do not vary in length, SNPs can be genotyped using
much shorter target sequences than STRs (~ 50 bp vs. ~ 300 bp). This feature of SNP markers
is especially advantageous in degraded samples where STRs are not likely to be found intact
[19, 118].

Aside from autosomal markers, the Y chromosome and mitochondrial genome have



proved important targets for forensic identification due to their unique properties. For example,
as the Y chromosome is only found in genetic male individuals, Y chromosome STRs and SNPs
can be isolated from male-female mixtures of DNA [80]. Mitochondrial DNA (mtDNA) also
possesses unique properties that make it a valuable target for identification assays. First, the mi-
tochondrial genome is present in each cell in high-copy number relative to the nuclear genome.
As a result, mtDNA is a more tractable target for recovery in low-template or degraded sam-
ples. Second, the mitochondrial genome is inherited only from the maternal line and variation
between mtDNA copies within an individual is generally very low [76]. Third, mtDNA is highly
variable between individuals compared with the nuclear genome on a per-nucleotide basis. In
particular, the hyper-variable portions of the control region contain mutational hotspots that can
be sequenced to detect single nucleotide and short insertion/deletion variants.

Although standard approaches for identification can be applied to a wide variety of
samples in various conditions, some types of samples remain challenging for forensic analysis.
Two particularly difficult problems facing forensic scientists are low-template DNA samples
and samples that contain DNA from multiple individuals [108, 8]. In low-template or trace
samples, DNA is present in such small quantities that informative loci, such as STRs, cannot be
readily amplified for genotyping, e.g., the sample contains no molecules that completely span
the locus and flanking sequences. As a result, these samples can suffer from allelic dropout,
where one or more alleles carried by the source individual are not observed in the profile. In
addition to low-template samples, samples collected in an investigation may represent a mixture
of DNA from multiple individuals, either due to the nature of case (e.g., a sample containing

DNA from a victim and perpetrator [10]) or contamination from outside sources [66]. As crime



scene samples and DNA extracted from them represent limited resources for forensic scien-
tists, interpretation of low-template and mixed DNA samples is critical component of forensic

investigations.

1.2 Ancient DNA

Extreme examples of the challenges faced in forensic DNA analysis can be found in
the field of ancient DNA, where researchers work to recover and interpret sequences from sam-
ples that are hundreds to hundreds of thousands of years old [47, 94]. DNA is often described
as “ancient” regardless of its age based on the biochemical condition of the molecules. Ancient
DNA is highly fragmented by nature and the majority of molecules recovered from sample are
less than 100 bp long. This fragment size is substantially shorter than the length required for
most forensics applications (~ 300 bp) including short-amplicon (~ 200 bp) miniSTRs specif-
ically designed for degraded samples [69]. As a result, STRs cannot be amplified from many
ancient samples, as these sequences are not intact within a single molecule. Ancient DNA is
also characterized by patterns of cytosine deamination that preferentially affect the 5° ends of
molecules. These damaged bases result in C to T and complimentary G to A base pair mis-
incorporations in read sequences [74, 47, 26], which must be accounted for during sequence
analysis.

In addition to fragmentation and base damage, libraries generated from ancient DNA
extract often suffer from compositional issues as well. First, the age [3] and the historical sur-

rounding environmental conditions [99] of a sample dictate the extent to which endogenous



DNA is preserved. As a result, ancient DNA work often involves extensive screening to find
samples containing preserved endogenous DNA. Second, in most samples, endogenous DNA
makes up only a small fraction (often on the order of 1%) of the total DNA present in an extract.
The remaining portion represents a mixture of environmental and microbial DNA from organ-
isms that have colonized the sample since its deposition. Finally, ancient DNA, like forensic
DNA, is highly susceptible to contamination from outside sources. As many ancient samples
contain only small quantities of endogenous DNA, contaminating molecules from a modern
source can easily overwhelm the endogenous content or produce a mixture of ancient and mod-

ern sequences.

1.3 High-throughput sequencing

The development of PCR [90, 70] as a tool for amplifying specific DNA sequences
had profound effects on both DNA-based identification and ancient DNA research. For forensic
scientists, PCR offered increased sensitivity over existing methods, which made identification
from degraded and minute DNA samples possible, and eventually led to the widespread adop-
tion of PCR-based identification methods [53, 88]. For ancient DNA researchers, the sensitivity
of PCR greatly improved the technical feasibility of ancient DNA recovery [74, 47].

Similarly, the development and application of high-throughput sequencing technolo-
gies [65] has again transformed ancient DNA research over the past decade. Rather than car-
rying out PCR experiments to amplify specific sequences, researchers now routinely directly

sequence short DNA fragments to survey the molecules present within an ancient sample. A



key advantage to shotgun sequencing of ancient DNA is that the resulting data can be used as a
resource to address many scientific questions (e.g., the demographic history of a population or
the variants carried within a given gene), while PCR experiments must be designed to gather in-
formation for specific questions. Given sufficient endogenous DNA content and sequencing re-
sources, complete, high-coverage genomes can be produced for ancient individuals [67, 81, 59]
but significant insights can be gained from even modest genomic coverage [41, 95, 34, 4] (see
review by Slatkin and Racimo [98]).

In recent years, there has also been increasing interest in the forensic science com-
munity in applying high-throughput sequencing to forensic DNA samples [15]. Much of this
research has focused on using high-throughput sequencing to sequence the PCR amplification
products currently used in forensics casework. These data can provide new information to in-
crease statistical power for identification, e.g., detecting SNP polymorphisms that occur within
known STR segments. However, little work has been done to apply high-throughput shotgun
sequencing strategies to forensic identification, for several reasons. First, existing PCR-based
approaches are highly sensitive and require less DNA than what would be needed to generate
high-coverage shotgun data sets from forensic samples. Second, high-throughput sequencing
produces an enormous amount of data, which makes interpreting the results much more re-
source intensive. Third, the nature of shotgun sequencing leads to concerns surrounding the
reproducibility of experiments. As shotgun sequencing produces a random sample of reads
from across the genome, two sequencing runs from the same sample may be difficult to com-
pare directly. In addition, technical biases in sequencing technologies and variant calling also

complicate comparisons across samples (e.g., [58]). Finally, in many cases, sequencing every



fragment in a sample would be excessive as most forensic genetic questions can be answered by
surveying a small number of markers. However, for highly degraded or ancient DNA, shotgun

sequencing may be the only way to extract any genetic information from a sample.

1.4 Outline of dissertation

In this dissertation, I present two approaches for assessing genetic identity from high-
throughput shotgun sequencing data that address two common problems in forensic and ancient
DNA analysis: low nuclear genome sequence coverage and mixtures of sequences from multi-
ple individuals. In Chapter 2, I present a method for determining whether two extremely low-
coverage shotgun sequence data sets (~ 0.01-fold coverage) originate from the same individual
or different individuals. In these types of samples, standard forensic identification approaches
would fail, as coverage of the genome is so sparse that specific loci cannot be reliably recovered
and full diploid genotypes cannot be observed. Furthermore, in a comparison of two extremely
low-coverage libraries, vanishingly few polymorphic sites will be observed in both samples. To
address these issues, I describe an approach that differs from existing identification methods in
two important ways. First, our approach makes use of large catalogs of single-nucleotide vari-
ation to maximize the amount of information available from each sample. Second, we further
reduce the amount of data required by taking advantage of patterns of linkage disequilibrium,
as modeled by a reference panel of haplotypes, to indirectly compare observations at pairs of
linked SNPs. I demonstrate the feasibility of our approach using coalescent simulations, down-

sampled sequence data from modern individuals and ancient DNA from bronze-age humans



from Eurasia [4] compared using panels of haplotypes from the 1000 Genomes Project[101].
Our approach, implemented in the software package tilde, enables identification from the nu-
clear genome in extremely low-coverage samples that would be intractable for other types of
analysis.

In addition to low-coverage and low-template DNA samples, mixed samples of DNA
from multiple individuals pose challenges for both forensic and ancient DNA applications. In
Chapter 3, I describe an approach for interpreting mixtures of mitochondrial DNA sequences
to determine the number of contributing haplotypes, estimate their relative proportions within
the mixture and assign individual sequence fragments to their most likely source contributor.
To accomplish this task, we make use of the inferred mitochondrial phylogeny and haplogroup
descriptions available from PhyloTree.org [109] to model the haplotypes contributing to the
mixture. I employ the expectation maximization algorithm to co-estimate the overall mixture
proportions and source haplogroup for each fragment. After applying heuristic filters to iden-
tify the most likely contributing haplogroups and to remove spurious signals, we assign each
sequence to the most likely source contributor to build haplogroup specific read sets that can be
used to reconstruct the sequence and variants for each contributor. To demonstrate the utility
and evaluate the performance of the approach, I applied the method to in silico mixtures gen-
erated from single-source sequencing data. I found that the approach can reliably identify the
haplogroups contributing to a mixed sample and provide accurate mixture proportion estimates.
Furthermore, I show that fragments can be accurately assigned to their source contributor to
reconstruct the constituent haplotypes. In addition to in silico mixtures of two individuals, I

demonstrate the utility of the approach on three individual mixtures and in vitro mixture sam-



ples. Our approach provides the novel functionality of detecting haplogroups within a mixture
directly from mapped high-throughput sequencing data and significantly improves the tractabil-
ity of mixed sample interpretation.

In Chapter 4, I describe the results of applying our approach for interpreting mixtures
of mtDNA sequences to ancient contact DNA extracted from leather and cordage samples. DNA
transferred to objects by casual contact has been an area of great interest for forensic scientists,
but only a few studies have explored recovering ancient contact DNA from the surfaces of
artifacts. Accurate interpretation of DNA mixtures plays an important role in analysis of con-
tact DNA, as the recovered DNA may represent a mixture from multiple individuals handling
the object as well as the possibility of modern contamination. We demonstrate that a strategy
of whole-mitochondrial sequence enrichment and high-throughput shotgun sequencing can re-
cover ancient contact DNA that can be interpreted by our approach to detect the mitochondrial
haplogroups present within a sample.

Finally, in Chapter 5, I discuss some potential applications of these methods in the

fields of archaeology, forensic science, and conservation genomics.



Chapter 2

A method for positive forensic identification of
samples from extremely low-coverage

sequence data

2.1 Background

Recent advances in high-throughput sequencing now allow for small DNA fragments
to be extracted and sequenced from ancient or heavily degraded samples [94]. DNA is now
routinely extracted from bones, teeth, and hair from individuals that lived hundreds to tens of
thousands of years ago and from small and poorly preserved forensic samples. Deep sequencing
of well-preserved samples can produce many-fold coverage of the complete nuclear genome of
an individual [67, 81, 59], but more often samples yield only small amounts of endogenous
DNA, i.e., less than one-fold genome coverage [95, 34, 4]. This is due to several factors. First,
the amount of intact DNA varies greatly between samples. Also, in many samples endogenous

10



DNA makes up only a small fraction of the DNA that can be extracted and sequenced. Deep
sequencing and capture techniques [40, 7, 22] can be applied to recover more human DNA from
each sample but, ultimately, the total amount of useful human DNA sequence is limited by the
number of intact human DNA fragments in the sample. In many cases, no enrichment or deep
sequencing strategy will increase the amount of data collected.

A common task in forensics and in the analysis of archeological and historical sam-
ples is to determine whether two samples originated from the same individual by comparing
DNA extracted from each. The most widely adopted approach in forensics is to compare geno-
type information at a defined set of multi-allelic short tandem repeat (STR) markers [53, 20].
These genotype data can be generated by PCR amplification using primer pairs flanking the
markers followed by capillary electrophoresis or, more recently, from deep sequencing of these
ampliconic products [14, 114]. This approach is fully effective only when there are amplifiable
template molecules for each of the two alleles of each marker. Thus, it is not uncommon for
this approach to fail or generate only a partial DNA profile from minute or poorly preserved
samples.

The advent of high-throughput sequencing is enabling new approaches to compare
DNA between samples [12, 55]. For example, STR profiles can be genotyped from shotgun
data by altering the search strategy used to map shotgun reads to a reference genome [44,
33]. These STR data can then be compared to available data generated using more traditional
approaches. More recently, some researchers have begun to use single nucleotide polymorphism
(SNP) markers, which are more easily typed by whole genome shotgun sequencing [37, 93].

As of July 2015, the Single Nucleotide Polymorphism Database (dbSNP) contains records for

11



149,735,377 SNP clusters in the human genome [72]. Despite the vast number of SNPs, SNP-
based comparison methods typically employ no more than a few hundred markers, in part to
avoid the effects of genetic linkage, as this would render each comparison non-independent
during analysis. Nevertheless, this enormous catalog is potentially a powerful resource for
sample comparison and identification, as it provides much higher probability that genotype data
at overlapping markers can be learned.

Here we describe a new approach for comparing very sparse DNA sequence data
from two samples that differs from existing methods in two important ways. First, we draw
on large catalogs of SNP markers with the expectation that only a small fraction of these will
be observed in a sample. Second, we completely avoid direct comparison of alleles between
samples. In comparisons of poorly preserved samples, direct comparison is difficult since few
or zero SNP positions will be observed in both samples and full genotypes are not recoverable.
In addition, multiple observations of the same SNP position may be the result of incorrectly
mapped reads from similar sequences in the genome. To address this, our method does not re-
quire genetic observations at the same loci. Instead, we compare pairs of observations at linked
markers to assess whether the observations more likely originated from a single individual or
from independent individuals. This is made possible by the large and growing catalog of known
segregating genetic variation in humans and the known patterns of linkage present in human
populations. Using this approach we show that it is possible to reliably determine if two sam-
ples originated from the same individual when the data available are random, non-overlapping

shotgun sequence data representing less than 1% of the genome in both samples.
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2.2 Methods

Two loci are in linkage disequilibrium (LD) if their alleles are not randomly associ-
ated [97]. As the name implies, LD can occur because alleles that are physically linked and
nearby on chromosomes are often co-inherited. This non-random association implies that ob-
serving the allelic state of one locus provides some information about the state of the other. Our
approach is based on the idea that observations of alleles made in one sample consistently pro-
vide information about the allelic state in another sample via LD if and only if the samples are
from the same individual (or from a genetically identical individual, i.e., a monozygotic twin).
On the other hand, when comparing data from samples from unrelated individuals, each sample
provides no predictive information about alleles in the other sample.

Consider a pair of SNP loci in physical proximity on the same chromosome in linkage
disequilibrium (Figure 2.1). Alleles (bases) are observed for each of these two positions from
independent shotgun reads that overlap these SNP positions in two independent sequence sam-
ples (libraries). We compare the probabilities of observing these two bases under two models.
The first model represents the case where the two reads, and thus the two alleles they contain,
were drawn from independent chromosomes. Under this model, the probability of the obser-
vation is simply the product of the two allele frequencies in the population. The second model
represents the case where the two bases were drawn from the same diploid individual. Under
this model there is an equal chance that this second read was drawn from the same chromosome
as the first read or the other chromosome in that individual. In the case that the read derives

from the other chromosome, its allelic state is also not informed by the first read. When drawn
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Figure 2.1: Overview of tilde method. (A) Sequence data from two extremely low-coverage
shotgun libraries are mapped to a reference sequence. Reads that overlap known single nu-
cleotide polymorphimic (SNP) sites are used to observe a single base for that position. The
majority of SNP positions have no observations. Pairs of closely linked SNPs with observed
bases are identified. (B) For each SNP pair, we calculate the probability of the observations
under two models. The first model represents the case where the two reads orginated from a
single diploid individual (top). In this model there is an equal chance that the two reads were
drawn from the same chromosome or different chromosomes. This model takes the haplotype
frequency as well as allele frequency into account. The second model represents the case where
the two reads originated on different chromosomes (bottom). The probability of observing the
two bases is the product of the allele frequencies. A reference panel of phased haplotypes is
used to model the allele and haplotype frequencies for the population from which the samples
were drawn. These probablilies are compared as a log-likelihood ratio. (C) Comparisons are
made for any pair of SNPs occuring within a specified distance along a chromosome. D) log-
likelihood values are aggregated by sampling pairs from windows across the genome to avoid
confounding effects from linkage. This sampling step is repeated in a bootstrapping approach
to build an empiracal distribution of the genome-wide log-likelihood ratio. Positive values indi-
cate that the single, diploid individual model is favored while negative values indicate that the
two samples are from independent individuals.

from the same chromosome as the first read, however, the probability of observing the alleles
seen on the first and second reads is given by the LD between these two alleles, i.e. the haplo-

type frequency of these two alleles. The two models can be used to evaluate the probability of
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any pair of allelic observations from two libraries to determine if it is more likely that the two
reads originated from one individual or not.

To estimate these probabilities, we model allele and haplotype frequencies in an ap-
proach similar to the one employed by Rodriguez et al. in the identity by descent detection
method Parente2 [87]. Allele and haplotype frequencies are explicitly modeled using a ref-
erence panel of phased haplotypes. Since this reference panel is used to discover segregating
polymorphic positions, their allele frequencies, and the patterns of linkage of these sites, our
approach benefits when the population reference panel and samples are drawn from geneti-
cally similar populations. In practice, these panels can be constructed from statistically phased
genotypes from surveys of human genetic diversity, such as the 1000 Genomes Project [101].

For every SNP pair within a specified distance, the probabilities under the single indi-
vidual and two individual models are calculated and compared as a log-likelihood ratio (LLR).
A positive value indicates that the probability of observing these bases under the single individ-
ual model is higher than that under the two individual model. A negative value indicates that
the data are more likely to derive from two different individuals. A single comparison of a pair
of SNPs offers little information to distinguish between these two models on its own. However,
the two models can become more distinguishable by combining observations from many pairs
of SNPs across the genome. To achieve this, we aggregate log-likelihood ratios for pairs of
SNPs by sampling pairs from sliding windows across each chromosome. We chose a wide win-
dow size (500 kb) and pick a suitable pair of alleles within each window. The human genome,
at roughly 3 gigabases, contains approximately 6,000 independent windows for these compar-

isons. This approach allows us to treat each window as an independent assessment of the two
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models. Then, we generate an overall LLR by summing the values across all windows where a
suitable comparison can be made. Note that in any particular window, it is only necessary that
at least one read in each library contains allelic information for at least one SNP position. As
described below, this allows analysis of datasets of extremely low overall coverage.

We repeat this process in a bootstrapping approach, selecting random pairs of alleles
across each window, to construct an empirical distribution of the genome-wide aggregated log-
likelihood ratio. From this distribution, we can assess the mean and variance of the LLR from
the underlying data.

As described here, this method is applied to sets of base observations made from
shotgun data from two samples. In addition to this, the method can be applied to a set of base
observations made from a single sample. When done in this way, the analysis tests if pairs of
observations from a single sample are internally consistent. In this case, positive LLR values
indicate that the sample data is consistent with a single, diploid individual. Negative LLR values
or values not significantly different from zero indicate that the sample is a mixture of fragments
from more than one individual or that the reference panel is too distantly related from the sample

individual.

2.3 Results

2.3.1 Results from simulations

To examine the feasibility and power of this method, we simulated sets of single

allele observations from diploid individuals along with panels of reference haplotypes using
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coalescent simulations and tested our method under various demographic scenarios, free from
observation errors. We first simulated observations under a simple demographic model of a
single population of constant size (N, = 10,000). Since this model lacks population bottlenecks
that increase genome-wide LD, we consider this to be a conservative model. In each round
of simulation, we generated two diploid individuals by drawing two haplotypes each from the
simulations results. Alleles from these individuals were sampled at a rate of 0.02 to produce sets
of allelic observations similar to what could be achieved in genome sequencing from libraries
that represent 0.02-fold genome coverage. At this level of coverage, traditional methods like
STR typing could be expected to fail. The remaining haplotypes, i.e., those not drawn for
comparison, were used as the reference panel to model allele and haplotype frequencies. From
100 rounds of simulation, we found our method can consistently distinguish between two single
allele observation sets that originate from the same or different individuals (Figure 2.2A) when
the reference panel and diploid individuals are drawn from the same population. Within sample
comparisons produced results that were nearly identical to across sample comparisons from the
same simulated individual. In addition to this, we found that simulated parent-child and sibling-
sibling comparisons produce intermediate results centered around zero (see Appendix A, Figure
A2).

In many cases, an ideal reference panel may not be available to describe the variation
present in the population from which the samples originated. However, a related population
may provide sufficiently similar allele frequencies and patterns of LD to power the approach.
To test this, we extended our simulations to model a population split, producing two equally

sized populations with no subsequent migration, for various times in the past. We drew the
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haplotypes for the diploid individuals from one population and the haplotypes for the reference
panel from the other. In this way, genetic drift and independent recombination histories will
alter allele frequencies and LD in a way that reduces power in our method. Nevertheless, we
found that a reference panel separated by hundreds of generations still provides information to
differentiate between samples that come from one individual or two (Figure 2.2B). However,
discrimination becomes increasingly difficult as the number of generations since the split of
these populations increases.

To test our method on a realistic demographic model for humans, we simulated a
demographic history based on parameters inferred from SNP frequency data [43]. We simu-
lated diploid individuals and reference population panels for three subpopulations representing
populations in Africa, East Asia and Europe. Importantly, this model features historical bot-
tlenecks that increase and restructure LD in the affected subpopulations. Comparisons made
within each subpopulation can differentiate between samples that come from one or two in-
dividuals (Figure 2.2C). We also noted that the separation between single individual and two
individual comparisons varied between populations due to their distinct demographic histories.
The subpopulations that have undergone more recent bottlenecks (Europe and Asia) and thus
have higher LD consequently have much clearer separation between models. Strikingly, the
subpopulation with the greatest separation (Asia) is the one that has undergone the strongest
recent bottleneck. In contrast, the simulated African subpopulation, with the largest N, and
thus the least LD, has the least power to distinguish individuals. Notably, comparisons where
the sample data and reference variation were drawn from different populations produced results

that were more difficult to interpret (see Appendix A, Figure A.1). These observations highlight
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the importance of choosing a suitable reference panel.

2.3.2 Results from shotgun sequencing data

To test our method on extremely low-coverage shotgun sequencing data, we obtained
read data from a European male (NA12891) and a European female (NA12892) sequenced as
part of Illumina’s Platinum Genomes [50]. We sampled 3,200, 32,000, 160,000, 320,000 and
1,600,000 reads without replacement to approximate 0.01%, 0.1%, 0.5%, 1.0%, and 5.0%-fold
coverage of the nuclear genome to generate two sets at each coverage level for both individuals.
Only the forward reads (101 bp) from each pair were used, to approximate the effect of having
short fragments that must be reliably mapped without mated reads. Reads were mapped to the
human reference genome (hg19) using BWA [62]. Only biallelic single base substitutions were
included in the panels. Base observations were made from the mapped reads using samtools
mpileup after coverage, map quality and base quality filtering [64]. We constructed reference
population panels using the statistically phased haplotypes from the 1000 Genomes Project
phase 1 data [101].

We compared each sample to itself and to the other three at the same coverage level
using a reference panel of 170 haplotypes from the CEU population (4,444,573 SNPs in total).
Pairs of SNPs were separated by 1 to 50 Kb and aggregated LLRs were calculated by sampling
pairs in 500 Kb windows (Figure 2.3). At the lowest coverage level, 0.01%, comparisons were
not possible as we found very few pairs in close proximity due to the low observation density.
At 0.1%x coverage, the model distributions can be seen separating away from 0, with the

comparisons made between the same individuals and comparisons between different individuals
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Figure 2.2: Summary of results from coalescent simulations. (A) Results from 100 replicates
of comparisons between 3 low-coverage subsamples from 2 simulated diploid individuals with
a reference panel of haplotypes drawn from the same population. The first three panels report
the results of comparisons made with alleles observed within the same sample. The aggregated
log-likelihood ratio values are largely positive, indicating that the observations are consistent
with originating from a single diploid individual. Similarly, the fourth panel shows positive
values for the comparison made between two independent subsamplings of the same diploid
individual. In the last panel, comparisons of allele observations made from two independent
individuals produce negative aggregated log-likelihood values, indicating the two samples are
from different individuals. (B) A variation of the comparisons made in Panel A where samples
from diploid individuals are compared using a panel of reference haplotypes from a related,
but diverged population (see diagram). Each panel shows the results of 5 comparisons; 4 made
between samples from the same individual (blue) and 1 made between different individuals
(red). From these results, a closely related population retains power to differentiate between one
or two individuals over many generations. (C) Results from a simulated model of recent human
population history (see diagram and Appendix A). In each subpopulation, comparisons between
samples from diploid individuals using a panel of haplotypes and differentiate between the 4
comparisons made against the same individual and the 1 comparison made between different
individuals. Increased linkage disequilibrium in subpopulations that have undergone recent
population bottlenecks (Europe and Asia) increases the power of the method to differentiate
between one and two individuals.
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Figure 2.3: Results from comparisons made with single base observations from extremely
low-coverage sequencing data. Each panel shows the results of 10 comparisons made be-
tween 4 low-coverage subsamples of reads sequenced from 2 human individuals (NA12891
and NA12892 from the CEU pedigree) using a reference panel of haplotypes from the 1000
Genomes CEU subpopulation. Comparisons made from samples from the same individual are
shown in blue, with comparisons made within the sample shown as a dashed line. Comparisons
made from samples from different individuals are show in red. At the extremely low coverage
of 0.01%-fold, very few usable pairs of SNPs can be found. As coverage increases above 0.1%-
fold, the two groups of comparisons are easily separable. Comparisons made within a sample
have less extreme LLR values as they were made with less read coverage than across-sample
comparisons.

trending towards positive and negative respectively. With coverage levels 0.5% and higher,
comparisons between the same and different individuals are distinct and easily differentiable.
We found similar patterns when using reference panels from other European populations (see

Appendix A, Figures A.3-A.6).
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2.3.3 Results from ancient DNA sequencing data

Finally, to test our method on genuine ancient DNA sequencing data, we selected
12 samples from 11 Bronze Age Eurasian humans sequenced by Allentoft et al. [4]. After
independent DNA extraction and sequencing, the authors discovered that two of these sam-
ples (RISE507 and RISES508) were from the same individual through genetic comparison and
consultation of the museum records. Sequencing of DNA extracted from these tooth samples
produced 0.13 and 0.26-fold coverage of the genome. In addition to these two, we randomly
selected 10 other samples sequenced from bones and teeth with similar coverage levels from the
data set. We applied our method to all 78 pairwise comparisons between the 12 samples using
the same parameters and CEU reference panel of present day humans described in the previous
section. We limited our comparison to SNPs that represented transversion mutations to avoid
erroneous observations caused by the C to T and G to A substitutions associated with ancient
DNA damage [26].

All 12 within-sample comparisons produced positive aggregated LLR distributions
(Figure 2.4) indicating that each sample is consistent with originating in a single diploid individ-
ual. In contrast, comparisons made between data from different samples are strongly negative,
indicating that the two samples most likely originated in different individuals. The exception to
this is the comparison between samples RISES07 and RISES08 where the aggregated LLR dis-
tribution is strongly positive, correctly indicating that they originated from the same individual.
Taken along with mitochondrial result from the original work, this result provides confirmation

that the two samples are indeed from the same individual. Variation between results appears to
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Figure 2.4: Results from comparisons of low-coverage ancient DNA sequencing. Low-coverage
(0.1-0.26-fold) sequence data from 12 ancient DNA samples from 11 Bronze Age Eurasian
individuals were compared to each other using a panel of haplotypes from the 1000 Genomes
CEU population. All comparisons made within a sample produce positive aggregated log-
likelihood ratio values indicating that they are consistent with originating in a single diploid
individual. Comparisons made between samples produce negative aggregated log-likelihood
values, confirming that the two samples are from are from different individuals. The exception
to this is the comparison between samples RISES07 and RISES08, the two samples reportedly
made from the same individual, indicating that they are consistent with originating in the same
individual.

23



be primarily due to differences in the coverage of the genome in each comparison (see Appendix

A, Figure A.10).

2.4 Discussion

We present a method for comparing sparse shotgun read data from two samples to
determine whether the two samples originated from the same individual. Our method assumes
that observations of alleles from one sample provide information via LD about the allelic state in
another sample if both samples derive from the same individual. In addition, because ancestry
within an individual and patterns of LD in human populations are local within the genome,
we provide quantitative assessment of model fit by considering genomic regions individually
and aggregating information across the genome. In this way, our approach provides a robust
statistical assessment of whether two samples derive from the same individual or from more
than one individual.

Our approach performs well even with as little as 0.01-fold genomic coverage each
from the two samples. The quantity of sample necessary to achieve this level of coverage
will vary from sample to sample but is attainable in many cases where traditional forensics
assays would fail. This amount of genomic data is equivalent to 30 fg of human DNA recovered
and sequenced. While the efficiency of DNA recovery and library generation is not perfect
[25, 35] and poorly preserved samples are often mixed with environmental DNA [94], our
approach should allow useful comparative analysis for samples that were heretofore intractable

for forensic analysis.
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Central to our approach is the use of a large panel of phased SNP haplotypes from a
reference population. For optimal discriminatory power, the reference should be of the same or
a closely related population. To select the most appropriate reference panel, one might perform
principal components analysis or some other classifier on the sparse data set prior to analysis.
However, because haplotype variation across the human genome is often shared among human
populations [32, 52], our approach has power even in cases of a poorly chosen reference panel.
In many cases, a suitable reference population may not be available, especially for individuals
who draw ancestry from multiple distinct populations. In these cases, comparing results from
within samples comparisons using different haplotype panels may be useful in identifying the
most appropriate panel for comparisons between samples. More work will be needed to under-
stand how admixture affects the results of comparisons to make the method fully applicable to
present-day individuals and populations.

As described, our approach is designed to test the relative fit of two models: that
the samples originated from the same individual or that the samples are derived from unrelated
individuals from the same population. If the two individuals are unrelated and from different
populations, then the structure of the test would predict even more strongly that they are two
unrelated individuals. One obvious extension of this approach is to test other models of re-
latedness. For example, our method as described has some power to detect parent-child and
sibling-sibling relationships (see Appendix A, Figure A.2). Our approach could be further ex-
tended to detect more distant relationships between individuals. Another useful application of
this method is to compare pairs of observations made from within a single sample. Using this

approach, it is possible to assess the relatedness of the sample to itself, which is functionally
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equivalent to a test for contamination or a mixture of samples. Further work will be required to
explore the limits of sensitivity for contamination, the impact of complex mixtures in samples,
and the limits of sensitivity in real world forensics, historical, and ancient DNA.

Through the method described here, we demonstrate that by using a large collection
of SNP markers and patterns of linkage disequilibrium modeled by a panel of haplotypes, sets
of non-overlapping, low-coverage sequencing data can be compared to determine if the two

samples originated from the same individual.

2.5 Additional methods

2.5.1 Description of algorithm

We begin with a SNP reference panel of haplotypes from a population chosen based
on a priori knowledge or previous analyses to best represent the population from which the
samples originated. For each sample, we examine reads that overlap SNP positions from the
panel to identify the base at that position. Bases that do not match one of the two alleles from
the reference panel are discarded. Observations for positions where multiple reads map are
omitted. The majority of positions will have no observation.

Next, we find all pairs of SNPs between the two samples within a specified distance on
the chromosome. A minimal distance is also enforced to ensure that the two base observations
are never made from the same fragment in within-library comparisons. For each pair of base
observations, denoted as A and B, we calculate the probabilities of that observation under two

models. The first represents the probability of observing this combination of bases when the
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observations were made from independent chromosomes, i.e. two unrelated individuals. In this
case, the two observations are independent and based solely on the frequencies of each allele in
the population:

Py(ANB) = f(A)f(B) 2.1

Where f(A) and f(B) are the frequencies of alleles A and B in the population.
In the second model, the observations are made from a diploid individual, where
there is an equal chance of the two observations originating from the same chromosome or

from different chromosomes.
1 1
PI(ANB) = 2 f(AB) + f(A)(B) 2.2)

In the case where both observations are made from the same chromosome, the probability of
observing alleles A and B is the frequency that A and B appear on the same chromosome in
the population, i.e. the haplotype frequency, f(AB). Otherwise, the probability is the same as
independently observing A and B on different chromosomes.

These two models are compared as a log-likelihood ratio, which is calculated as:

PIANB
Y(A,B) = log, P;E AND) 2.3)

Log-likelihood ratios are aggregated across the entire genome through summation of 7y for pairs

of SNPs in a set S of SNP pairs sampled from windows a set size across the genome.

AS)= Y v(A,B) (2.4)

(A,B)ES
This step can be repeated as a bootstrapping approach to estimate the empirical distribution of
the genome-wide aggregated log-likelihood ratio.
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2.5.2 Simulations

We performed coalescent simulations to test our method free of base errors and under
various demographic scenarios. We used the coalescent simulator ms [49] to simulate diploid
individuals and population reference panels of haplotypes for comparison. For each replicate,
we simulated 3,000 independent segments of 500 Kb in size for a total of 1.5 Gb. Segregating
sites with minor allele frequencies lower than 10% were removed. Reference panels consisted
of 200 haplotypes. For diploid individuals, we simulated base observations from low-coverage
sequencing by randomly drawing an allele from segregating sites at a rate of 0.01. This was done
separately for each chromosome and sites where both alleles were observed were discarded,
resulting in ~ 0.02-fold coverage. This process was repeated to construct multiple observation
sets per individual.

The single population model used a constant effective population size of 10,000. The
second model, representing the reference population and samples originating in distinct popu-
lations, simulated an ancestral population of 10,000 that split 100, 500, 1,000, 2,000, and 4,000
generations ago into two equal sized populations of 10,000 each. The model of recent human

history was based off of parameters inferred by Gutenkunst et al. [43] (see Appendix A).

2.5.3 Haplotype reference panels

All human sequence and reference panel data used in this study were downloaded
from public sources (accession details listed below). Institutional review and ethical approval
were not required for this research.

We constructed reference panels of single nucleotide polymorphisms (SNPs) using
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the 1000 Genomes Project Phase 1 data set [101]. We filtered for biallelic SNPs that were
polymorphic in the target population (CEU, GBR, etc) with a minimum minor allele count of 10.
To avoid errors from mismapped reads, we restricted our panels to sites where all overlapping
35mers are unique across hg19 according to the Duke Uniq 35 track from the Mappability tracks

on the UCSC Genome Browser [89].

2.5.4 Modern and ancient human sequence data

We obtained Illumina sequencing data from a European male (NA12891) and a Euro-
pean female (NA12892) sequenced as part of Platinum Genomes by Illumina, Inc [50] from
the National Center for Biotechnology Information Sequence Read Archive (accession IDs
ERR194160 and ERR194161) [71].

[llumina sequencing data from DNA extracted from 12 samples from 11 Bronze Age
Eurasian humans [4] were downloaded from the European Nucleotide Archive (project acces-
sion ID PRJEB9021) [29]. We downloaded mapped reads in BAM format for samples RISE109,
RISE154, RISE240, RISE247, RISE480, RISE483, RISE507, RISES08, RISE510, RISE546,

RISE554, and RISES86.

2.5.5 Availability of supporting data

Software written for this manuscript is available at http://github.com/svohr/

tilde.
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Chapter 3

A fast method for mitochondrial haplotype
analysis of sequence data from complex DNA

mixtures

3.1 Introduction

Mixtures of DNA from more than one individual are commonly found in forensic
samples [66]. For example, a stain found at a crime scene may contain DNA from both a victim
and a perpetrator. Mixed samples can also be the result of factors not directly related to a
forensics case. A sample from a single individual may contain unrelated environmental DNA
or inadvertent contamination from handling prior to laboratory processing. In addition to the
complication of mixed samples, many forensic samples represent a limited resource for DNA
extraction and the available DNA may exist in small quantities and suffer from degradation. As
a result, the interpretation of mixed DNA samples is a critical challenge for forensic analysis.
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The interpretation of DNA from mixed samples has been the subject of research since
the early days of DNA-based identification [30, 115]. Many distinct approaches have been
proposed for different genotyping technologies using various genomic loci. For short-tandem
repeat profiles (STRs), methods have been proposed that examine electrophoretogram peaks
associated with amplification products of different lengths [39, 23]. While these methods are
able to detect if a sample of DNA represents a mixture, it is not possible to reconstruct the
individual contributors from a mixed profile, as no linkage information exists between loci.
In addition, determining the number of contributors to a mixture can be difficult and is often
complicated by allelic dropout [10, 38, 17].

Mitochondrial DNA (mtDNA) represents a promising target locus for interpreting
mixed DNA samples. Unlike the nuclear genome, where each cell carries two distinct copies
inherited from each parent, the mitochondrial genome is only passed from mother to child. As
a result, each distinct haplotype found in a mixed sample can be attributed to a single individ-
ual. Each cell contains many identical or nearly identical copies of the mitochondrial genome,
making it a more tractable target for recovery and amplification in trace samples [117]. The mi-
tochondrial genome also does not undergo recombination during meiosis. As a result, patterns
of variation persist in populations across time and geography. Human genetic variation within
mtDNA is extremely well-sampled and catalogued [111, 105, 106]. These data have yielded a
comprehensive human mtDNA phylogeny with reconstructed mutation history and a detailed
and standardized haplogroup nomenclature [109].

The highly polymorphic mtDNA hypervariable regions (HVRI, HVRII) have been

used to examine DNA mixtures through polymerase-chain reaction (PCR) amplification and
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Sanger sequencing [113, 68]. Through this approach, it is possible to observe the variants that
are present in mixed samples. However, estimating individual contributions is difficult as trace
peak areas or heights do not necessarily correlate with mixture proportions [84, 39, 27]. Sanger
data from PCR amplification of mixtures alone cannot be used to reconstruct haplotypes from
each contributor since the primary signal provides no linkage information.

Recently, studies have focused on applying high-throughput, clonal sequencing tech-
nologies, also known as next-generation sequencing, to sequence PCR amplification products
from mtDNA hyper-variable regions [48, 75, 57]. Unlike Sanger sequencing, which provides a
summary of the bases present at each position, massively parallel clonal sequencing is a survey
of individual DNA molecules in the sample and the linkage information they contain. Therefore,
it is possible to get a quantitative estimate of the haplotypes that are present in a mixture sample,
including novel or low-frequency variants and the haplotype background on which they appear.
In addition to the sequencing of PCR products, mitochondrial DNA can be sequenced from
shotgun libraries and assembled into a complete mtDNA sequence. This approach avoids many
of the biases introduced by multiple runs of PCR and allows for the molecules to be observed
in a way that more closely resembles how they appear in the input sample. This approach has
been used to sequence and reconstruct the mitochondrial genomes of Neandertals [42], ancient
humans [36], and other species [79] from highly-fragmented and damaged DNA [94]. Target-
capture enrichment strategies have also been employed with this approach to recover mtDNA
from samples more efficiently [16, 40, 7, 22, 100].

Directly sequencing the molecules present in a sample poses its own unique set of

challenges for interpretation. When examining PCR amplified sequences, each sequence rep-
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resents the same genomic region and therefore every distinct sequence represents a distinct
contributing haplotype. Sequences obtained from a shotgun library do not necessarily repre-
sent the same regions and cannot always be directly compared against each other to identify
the haplotypes that are present. Complete mtDNA sequences can easily be reconstructed when
samples contain DNA predominantly or exclusively from a single individual. Mixed samples,
however, are not easily interpreted. The human mtDNA locus is over 16 kilobases long while
sequence read lengths of high-throughput sequencers are a few hundred base pairs. Thus, indi-
vidual reads span only a subset of the variants that are present within an individual contributor’s
mtDNA genome. For this reason, standard assembly strategies cannot reconstruct the complete
constituent mtDNA genomes from mixed sequence data.

We present a fast and powerful approach for interpreting shotgun mtDNA data from
mixed or unmixed samples, implemented in the software package mixemt. We address two
fundamental questions in mixture interpretation. First, how many individuals (contributors) are
present in a potentially mixed sample and at what relative proportions? Second, what is the
sequence of each contributing haplotype? To answer these questions, we make use of the large
catalog of defined mitochondrial haplogroups to identify the distinct haplotypes that contribute
to the mixture. We then reconstruct the haplotypes of each contributor by assigning reads to the
haplogroup from which it most likely originated. Through this strategy, reads carrying novel
variants, which provide the most power to discriminate between individuals, are partitioned
by contributor using common, well-described variants. We demonstrate with in silico and in
vitro mixture samples that our method can reliably detect the haplogroups present in mixed

samples and estimate their relative mixture proportions. We also show that our method can
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reliably assign reads to the correct contributor in mixtures of 2 and 3 individuals, allowing for

the reconstruction of the constituent haplotype sequences.

3.2 Materials and methods

In a mixture sample, each sequenced DNA fragment, i.e., a single read or read pair,
represents a partial observation of a complete mtDNA haplotype. Our goal is to infer from
these data the haplogroups that are present in a mixture, their relative proportions and, ulti-
mately, the sequence for each contributor to the extent it is possible. Exhaustively searching the
space of all possible 2, 3, 4, etc. contributor mixtures and proportions to fit the observed data
is computationally infeasible. A confounding factor is that individual fragments contain little
information on their own. Many fragments overlap conserved regions where few variants occur
in the population and often the variants that fall within a fragment are shared by several hap-
logroups. A robust approach must consider each fragment in the context of all other fragments
in a mixture. We propose an approach in which a sample of sequenced fragments is treated
as a mixture of all known mtDNA haplogroups. We employ the expectation maximization al-
gorithm to co-estimate mixture proportions and the probabilities of each fragment originating
from each haplogroup. We then reduce the pool of possible contributors by applying heuristic
filters to identify the most likely haplogroup contributors and remove any spurious haplogroup
signals. Finally, the fragments are assigned to one of the identified contributors or none if the
haplogroup of origin is ambiguous or cannot be discerned.

Our approach for interpreting mixtures of mtDNA sequences is based on existing
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knowledge of the broad patterns of diversity found in the human population. These variants are
used to identify haplogroups, estimate mixture proportions, and form the basis of our haplotype
assemblies. We use the mtDNA phylogenetic tree from PhyloTree.org, which describes the
defining mutations for over 5,000 haplogroups spanning the full range of mtDNA diversity
in humans [109]. We use the information from this phylogeny to build our set of candidate
contributing haplotypes, each defined by its associated variants as well as variants inherited from
its ancestral haplogroups. Although we cannot represent all haplotypes in our set of potential
contributors, all mtDNA haplotypes can be described in relation to the haplogroup tree. With
this reasoning, we also consider the internal haplogroup nodes to detect haplotypes that are only
partially described by the tree. A key feature of our approach is its power to disentangle mixtures
with contributors present at near-equal proportions. In these cases, methods that reconstruct
haplotypes based on variant frequency in a mixture would fail.

Sequenced fragments are aligned to a reference sequence (e.g., the Reconstructed
Sapiens Reference Sequence (RSRS) [11] or revised Cambridge Reference Sequence (rCRS)
[6]) to observe variants and haplotypes. Only single-nucleotide substitutions are considered at
the haplogroup detection stage, as they represent the vast majority of variants and are easier to
observe correctly in single reads. For each fragment, we identify any known variant sites that
fall within the fragment and note the bases that are observed. The base observations from a
fragment are compared with the expected bases for each haplogroup to calculate its probability
of originating from each of the haplogroups. To capture the haplotype information, we obtain
this probability by taking the product of the individual probabilities of each observed base un-

der each haplogroup, while allowing for mismatches due to sequencing error. Through this
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construction there is a non-zero probability of observing any fragment from any haplogroup.

Using the matrix describing the probabilities for each fragment originating from each
haplogroup, we apply expectation maximization (EM) to estimate the relative contribution of
each haplogroup to the mixture. Under the EM algorithm, mixture proportion estimates are
initialized at random and incrementally improved until convergence. In each round of EM, we
perform the expectation step by calculating the conditional probability that each fragment origi-
nated from each haplogroup given the current estimation of the mixture proportions. Intuitively,
we improve our estimate of the source haplogroup for an individual fragment by considering the
mixture proportions estimated from all fragments. In the maximization step, we obtain a new
estimate of the mixture proportions by finding the proportions that maximize the likelihood of
the conditional probabilities. The expectation and maximization steps are iterated until conver-
gence. The final result is a maximum-likelihood estimate of the haplogroup mixture proportions
and the corresponding read/haplogroup conditional probability matrix.

We apply two filtering steps to the results from expectation maximization to reduce
the set of potential contributors from all Phylotree haplogroups to only the most likely con-
tributors. First, we remove haplogroups that have no support from individual fragments. We
examine each row (fragment) in the conditional probability matrix to identify the column (hap-
logroup) associated with the highest probability, i.e., the haplogroup that best explains that
fragment. Haplogroups with little or no support from individual reads are removed from con-
sideration. Next, we apply a second filter to remove haplogroup signals that are likely driven
by private mutations. For each of the haplogroups in the reduced set, we verify that the ma-

jority of diagnostic variants unique to that haplogroup, as defined by Phylotree, are observed
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within the mixture sample. Haplogroups lacking broad support from multiple variant sites are
removed from consideration. Optionally, the EM algorithm can be run again using only the set
of high-confidence haplogroups to improve the mixture proportion estimates.

To reconstruct the sequences of contributing haplotypes, we implemented a strategy
of assigning aligned fragments to contributors based on the final estimated conditional proba-
bilities from EM. For each read, we examine the conditional probabilities of originating from
each of the putative contributing haplogroups. A read is assigned to the contributor with the
highest probability if the odds ratio between the first and second highest probabilities exceeds
a user-specified threshold, after accounting for any difference in estimated proportions. Finally,
we perform an assembly finishing step by iterative calling consensus bases for each contributor,
identifying variants unique to a single contributor and assigning reads that could not be assigned
based on Phylotree variants alone.

The effectiveness of our haplotype reconstruction strategy depends on the haplotypes
in the underlying mixture (Figure 3.1). In a sample with only one identified haplogroup, all
fragments can be trivially assigned to the single contributor. In a mixture of two haplogroups,
the number of differences that exist between the two haplogroups dictates how much informa-
tion is available to trace fragments back to their source haplotype. In complex mixtures of more
than two haplotypes, fewer variant bases will be unique to a single haplogroup, further reducing
the information available for assignment to a specific contributor.

To test our approach, we generated shotgun mitochondrial genome sequence data
from single-source and contrived in vitro mixture samples using probe capture for mtDNA en-

richment and the Illumina MiSeq for massively parallel sequencing. Previously extracted blood-
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derived DNA from 18 individuals representing 4 population groups (African-American, US
Caucasian, US Hispanic, and Japanese) [84] was quantified, sheared (250 bp average length),
made into libraries, indexed, and pooled for probe capture enrichment targeting the entire mito-
chondrial genome. Single source samples and in vitro mixtures were prepared using estimates
of mtDNA copy number of total amount of nuclear DNA with a target of 1 million mtDNA
copies total (1-2 ng nuclear DNA).

The shotgun mitochondrial genome sequence data from 18 individuals (3 African-
American, 4 US Caucasian, 5 US Hispanic, and 6 Japanese) were mapped to the Reconstructed
Sapiens Reference Sequence (RSRS) and PCR duplicates were collapsed to avoid any differ-
ences in complexity between libraries. We generated in silico mixtures by randomly sampling
reads without replacement from single-individual samples. This strategy allows us to know the
exact proportions for every mixture and the true source contributor for every fragment in the
sample. In addition to the in silico mixtures, we generated sequence data by sequencing three
mixtures of DNA, each prepared in vitro from two source individuals. Two of these mixtures
were made from the same contributors (US Hispanic HO15: Japanese J167) but prepared with
different mixture proportions (50/50 and 75/25). A third in silico mixture prepared from two

other contributors was also sequenced (Caucasian C163: US Hispanic H104).
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3.3 Results

3.3.1 Sequences from a single individual

We first applied our method to sets of 10,000 reads sampled from a single individual.
For each set of reads, mixemt correctly identified the single contributing haplogroup and esti-
mated the percent contributions between 86-99% (Table 3.1). The initial contribution estimates
are less than 100% because the proportion estimates were made considering all haplogroups.
As a result, some of the mixture proportion was attributed to haplogroups that share similar
patterns in variation. For comparison, we independently aligned the reads from each sample to
the Reconstructed Sapiens Reference Sequence, called a consensus sequence, and used Mito-
Tool [31] to determine the haplogroup of each individual. We found that mixemt was able to
identify the correct haplogroup for each individual. In the case of sample C035, MitoTool iden-
tified H1, H1i, Hlan, H1bb, and H1bc as possible haplogroup designations based on Phylotree
build 16 of the mtDNA phylogeny. Our program identifies the haplogroup as the subgroup of
H1 with no haplogroup identifier (here referred to as H1[2] as the second unnamed subgroup
of H1) which is the parent haplogroup of H1i, Hlan, and H1bb. Our designation agrees with
MitoTools results, as the haplotype of HO35 carries the back-mutation (T152C) shared by H1i,
Hlan, H1bb, and H1bc that differentiates them from their parent haplogroup H1, but none of
the derived alleles that characterize these other haplogroups.

We also found that mixemt was able to avoid cases where additional haplotypes may
be implicated by private mutations. For example, in the mtDNA haplotype for C0O17, the variant

G7853A appears on the background haplogroup T2b. In Phylotree, this variant is not known
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Estimated

Haplogroup Haplogroup | Contribution

Sample ID | Population (MitoTool) (mixemt) (mixemt) (%)
B009 African American | L1bla3 Libla3 99.22
BO15 African American | L2ela L2ela 98.27
B037 African American | Llc2blc Lic2blc 99.87
C017 US Caucasian T2b T2b 89.86
C035 US Caucasian H1, H1i, Hlan, Hlbb, Hlbc | H1[2]x 98.74
C125 US Caucasian Hln, Hinl, H1n3, Hin4 Hin[1]* 99.34
Cl163 US Caucasian K2a6 K2a6 99.63
H006 US Hispanic B2d B2d 89.05
HO15 US Hispanic Clb2 Clb2 99.82
HO053 US Hispanic Clb2 Clb2 96.85
HO086 US Hispanic Llbla7a Llbla7a 99.61
H104 US Hispanic Clbl1 Clbl1 78.28
J166 Japanese D4alb D4alb 99.19
J167 Japanese D4 D4 96.81
1171 Japanese F2a F2a 87.11
J180 Japanese M7blalal M7blalal 99.08
J213 Japanese D4b2bl D4b2bl 98.90
1217 Japanese Cla Cla 88.64

Table 3.1: Samples used in single-individual and in silico mixture analyses. The last two
columns contain the results from a mixemt analysis of 3,000 fragments from each sample.
Haplogroup designations from MitoTool [31] match the haplogroup identified by our program,
mixemt. « H1[2] and HIn[1] are our own notation for haplogroups without names in Phylotree.
H1[2] is the unnamed sub-haplogroup of H1 and “parent” of haplogroups H1i, Hlan, and H1bb
in Phylotree builds 16 and 17. H1n[1] is the unnamed sub-haplogroup of Hln and “parent” of

haplogroups Hinl, HIn3 and H1n4.
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to occur on the haplotype background of T2b, but it is known to occur in several other hap-
logroups, including the closely related T1a2. Because the private variant occurs in the coding
region where variant density is low, the fragments in the sample that carry this variant are un-
likely to overlap any other variant sites that could aid in interpretation. As a result, the EM
algorithm takes this observation as evidence for the presence of T1a2 when estimating the mix-
ture proportions. However, the subsequent filtering steps, namely, requiring observations of all

diagnostic mutations in a called haplotype, are able to identify and remove this spurious signal.

3.3.2 Mixtures of sequences from two individuals

We generated a panel of 336 in silico mixture samples of two individuals by sam-
pling fragments without replacement from pairs of our single-individual sequence data sets.
Each mixture sample consists of 3,000 fragments, after PCR duplication removal, represent-
ing approximately 50-fold coverage of the mitochondrial reference. We generated six different
mixture proportions (50/50, 60/40, 70/30, 80/20, 90/10, 95/5) for each pair of individuals. The
equal proportion (50/50) and low-frequency (95/5) mixtures represent the most challenging
cases. When mixture proportions are equal, the frequency of a variant provides no information
on the contributor from which it originated. The 95/5 mixtures represent the other extreme,
where the minor haplotype may be difficult to detect due to random coverage fluctuations along
stretches of the reference sequence.

We ran mixemt on each of 336 in silico mixture samples of two contributors (Table
3.2). We found that our program was able to detect the correct two contributing haplogroups

with no additional haplogroups in 263 mixtures across various coverage levels. This total in-
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2 Exact Major Haplogroup Minor Haplogroup

Matches | Exact | Close Not | Exact | Close Not Additional
Mixture Only | Match | Match | Detected | Match | Match | Detected | Haplogroups
50/50 54/56 55 1 0 56 0 0 2
60/40 52/56 56 0 0 54 2 0 3
70/30 54/56 56 0 0 55 1 0 2
80/20 51/56 56 0 0 52 4 0 2
90/10 47/56 56 0 0 49 7 0 3
95/5 5/56 56 0 0 5 2 49 0
Total: 263/336 335 1 0 271 16 49 12

Table 3.2: Results from analysis of in silico mixtures of 3,000 fragments from two source
individuals.

creases to 275 if we include mixtures where a closely related haplogroup was detected (e.g.,
F2 was detected rather than the correct F2a). The major haplogroup was identified correctly in
all mixture samples, while the minor haplogroup or a closely-related haplogroup was found in
287 samples. The only cases where the minor haplogroup was not detected occurred in the 95/5
mixtures, where the minor haplogroup was detected in only 7 of 56 mixtures. The failure to
detect minor contributors at low frequency likely represents a limitation of the data sets rather
than the method itself. Since 5% of 3,000 fragments with an average length of 300 bp represent
less than 3-fold coverage of the reference sequence, it is likely that observations of the defining
mutations of the minor haplogroup have dropped out from the mixture sample entirely. This
limitation can be addressed by deeper sequence coverage of the mixture sample.

In 12 of the mixture samples, additional haplogroups were detected alongside those
of the contributing haplotypes. Each of these cases arose from the true contributing haplotypes
differing from the haplotypes known from Phylotree. For example, the haplotype of sample
HO0O06 contains a mutation (A7271G) that is not known to exist on its haplogroup, B2a, but is

found elsewhere in the tree. The post-EM filtering steps often remove haplogroups that were
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erroneously detected from private mutations. However, these haplogroups can occasionally
elude filtering when the minor haplogroup is closely related or present at low frequency in the
mixture. 8 of the 12 cases where an additional haplogroup was reported occur in mixtures from
the individuals J171 and CO035. In these cases, the J171 haplotype carries 2 novel coding-region
variants (G8572A and T11152) that are shared with two haplogroups (H1s and H26) that differ
from the true haplogroup for C035 (H1[2]) by only 2 and 3 SNP bases. As a result, the EM
algorithm has difficulty distinguishing these closely-related haplogroups and more than one
may pass the detection requirements. In these cases, false haplogroup signals can be identified
by manual inspection of the read coverage of the assigned read sets.

To evaluate our program’s effectiveness at estimating mixture proportions, we com-
pared the estimated haplogroup contributions from our set of two individual mixtures with the
actual proportion or read fragments used to generate the mixtures. We found that the esti-
mated contributions closely follow the actual fraction of reads used to build each mixture sam-
ple (Figure 3.2A). In general, we found that our estimates tend to be slightly lower than the
true contribution proportion. As our mixture proportions are estimated by considering all hap-
logroups, some proportion of the mixture is attributed to similar or extremely low frequency
haplogroups. These haplogroups are removed from analysis during the subsequent filtering
steps, but the fraction of the mixture attributed to them is not redistributed. The missing pro-
portion in each mixture report provides some information on the uncertainty of the result. Sim-
ilarly, we found that the mixtures whose estimated proportions are least accurate are often the
same cases that generate false assignments in the EM step. For example, in mixtures that in-

clude CO17, we found that the EM algorithm attributed a small but considerable component
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Figure 3.2: Summary of results from analysis of in silico mixtures of sequences from two source
individuals. (A) Estimated contributions from mixemt compared with the actual contributions
used to generate the mixture. Points are randomly shifted along the x-axis to avoid overplotting.
(B) Fraction of reads assigned to a detected contributor out of the total number of reads from
an individual, compared across contribution levels. The distribution of the fraction of assigned
fragments is bimodal due to the number of differences between the two haplogroups in each
mixture, i.e., mixtures of deeply diverged haplogroups contain more SNP differences that can
be used to assign reads. The fraction of recovered reads remains consistent across contribution
levels. (C) Distribution of the number of reference bases covered by at least 1 fragment in the
sets of reads recovered for each contributor. Although, fewer than half of the reads contributed
from an individual can be identified and assigned, the majority of the mtDNA sequence can be
observed through long range information from paired reads (mean insert size between 200-300
base pairs). Samples where the minor contributor was not detected are excluded.

to haplogroup T1a2, at the expense of the true haplogroup T2b. The greatest discrepancies in
proportion estimation occur in the mixtures of J171 and CO035, where additional haplogroups
are falsely detected. As a result, the probability associated with C035 is split across several
closely related haplogroups. Even when considering these cases, our method provides accurate
contribution estimates that follow the actual proportions in a predictable and interpretable way.
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Additionally, contribution estimates can be improved by running the EM algorithm again on

only the haplogroups that pass all filters (Additional Figure B.1).

3.3.3 Assigning sequence reads to haplogroups

In addition to detecting haplogroups and estimating their proportions, mixemt also
assigns sequence reads to the contributing haplogroup when possible. The completeness of this
assignment depends on both the number of differences between the contributing haplotypes and
the distribution of fragment lengths of the DNA library. We examined the output read sets in our
2 contributor mixture experiments, partitioned by contributor, to measure the completeness of
the assignments. Because our sequence data was generated independently for each individual,
we can determine the true origin of each read by examining its identifier. On average, 45.9%
of the initial number of contributing sequence reads (22.4—68.7% middle 95% interval) could
be assigned to a specific haplotype, after excluding mixtures where only 1 haplotype was iden-
tified. Across our comparisons, the observed distribution of percentage of fragments recovered
is bimodal (Figure 3.2B). The component with a higher percentage of assigned reads is made
up of mixtures that include at least 1 of the deeply diverged L haplogroups.

Although many fragments cannot be assigned to a single contributor, we found that
large portions of the contributing haplotypes are recoverable through long fragments (Figure 3.1).
Figure 3.2C shows the distribution of the number of reference positions that were covered by at
least 1 fragment in the read sets partitioned by contributor. Again, we found that this distribu-
tion is bimodal with the mixtures including an L haplogroup yielding more complete haplotype

reconstructions. In all but 2 mixtures, our method was able to recover fragments covering over
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Figure 3.3: Fraction (top) and count (bottom) of fragments that were incorrectly assigned to
each detected contributor (i.e., the haplogroup of the true source contributor did not match the
detected contributor). The rate and count of incorrectly assigned fragments is low across all
contribution levels, although slightly increased with lower contributions. 95/5 mixtures are not
shown as the minor contributor was not detected in majority of mixtures.

60% of reference positions for both contributors.

the sets of reads our program generated for each identified contributor with the original read data
from each sample (Figure 3.3 (top)). We found that on average 96.2% of fragments assigned
to a contributor were from the source individual that matched the detected haplogroup. In each
detected contributor, including additional haplogroups not present in the source individuals, we

found an average of 15.5 fragments from a source individual that did not match the haplogroup
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assignment. This average drops to 4.3 fragments when we exclude the cases where the minor
haplotype was not detected in the 95/5 mixtures. When we compared assignment error rates
by contribution level, we found that the minor contributors had slightly elevated rates of frag-
ment misassignment compared with the major contributors (Figure 3.3 (bottom)). However, the
increased rate may be the result of the larger population of “incorrect” fragments available for
minor contributors compared with major contributors. As the overall coverage level for these
samples is ~ 50, we do not expect the consensus sequence to be affected greatly at these lev-
els of read misassignment, unless all incorrect reads appear in the same region of the reference
sequence.

To test the effectiveness of our method at capturing the variants present in a contribu-
tor’s haplotype and the effect of misassigned fragments on the overall haplotype reconstruction
for a contributor, we compared variants called from the single-individual contributions with
variants called from sets of reads partitioned by contributor (Additional Figure B.3). After ex-
cluding the 95/5 mixtures, where the minor haplogroup was often not detected, we found that on
average 87.5% of the variants for each contributor were recovered from our sets of partitioned
reads. The fraction of recovered variants for minor contributors (84.8%) was only slightly lower
than that of the major contributors (90.1%). The majority of variants that were detected in the
single individual sample but not from reads assigned to a contributor were due to lack of cov-
erage in the reconstructed set (76.4%). The remaining missed variants were covered in the
reconstructed set but called as a match to the reference. We observed few cases of novel vari-
ants appearing from the reconstructed set. Of the total 27,768 variants found in the contributor

read sets, only 57 were not found in the single-individual variant calls. The majority of these
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2 Exact Major Haplogroup Minor Haplogroup

Number of | Matches Exact Close Not Exact Close Not Additional
Mixture | Fragments Only | Match | Match | Detected | Match | Match | Detected | Haplogroups
95/5 10,000 39/50 50 0 0 41 7 2 3
95/5 20,000 41/50 50 0 0 45 4 1 6
95/5 40,000 42/50 50 0 0 48 2 0 7
99/1 10,000 0/50 50 0 0 0 1 49 1
99/1 20,000 19/50 50 0 0 20 5 25 4
99/1 40,000 25/50 50 0 0 31 12 7 14
Total: 166/300 300 0 0 185 31 84 35

Table 3.3: Results from analysis of in silico mixtures of two source individuals with a minor
contribution of 1% and 5% at 3 coverage levels.

(48) were novel variants. We observed only 9 cases of a variant from one contributor appearing

in the variant calls for the other, i.e., wrong, contributor in the mixture.

3.3.4 Sensitive detection of haplogroups representing 1-5% of a mixture

In the initial evaluation of our approach, we found that haplogroups that represent
less than 10% of a mixture were occasionally not detected at a modest sequencing depth (3,000
fragments, ~ 50-fold coverage). However, these contributors may be visible with more se-
quence data. To test the sensitivity of our method on mixtures representing higher reference
coverage, we generated 300 additional 2-contributor mixtures representing mixture proportions
of 95/5 and 99/1 and at 3 sequencing depths (10,000, 20,000, and 40,000 fragments). For each
combination of mixture proportion and sequencing depth, we generated 50 mixtures by ran-
domly drawing pairs of individuals from our panel. The mixtures were analyzed with the same
parameters used in the previous experiment.

In mixtures where the minor contributor represented 5% of the total number of se-
quences, we found that the additional sequence coverage helped resolve the minor contributor

(Table 3.3). From 10,000 fragments, the exact minor haplogroup was detected in 41 out of 50
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mixtures. The number of correctly identified haplogroups increased with 20,000 and 40,000
fragments. In the 1% mixtures, we found that the minor haplogroup was not resolvable with
10,000 fragments (dropout in 49 out of 50 mixtures). With 20,000 and 40,000 fragments, the
number of mixtures where the minor haplogroups at 1% was recovered increased to 20 and
31. However, in both the 1% and 5% mixtures, we found that the addition of more sequence
data also led to an increase in the number of additional haplogroups passing the filtering steps.
This may be the result of an increased number of base-call errors introduced with the increased
sequence coverage. Adjusting the parameters for the contributor filtering steps may alleviate
the effects of sequencing error. Although more effort in interpretation may be required, mixemt
is able to resolve haplogroups present between 1-5% in a mixture given increased sequence

coverage.

3.3.5 Mixtures of sequences from three individuals

Our approach is not limited by the number of contributors to a sample. However, more
complex mixtures are potentially more difficult to interpret. Minor haplotypes at low frequency
within a mixture may be harder to detect in a complex mixture. Added complexity may also lead
to incorrect haplogroup identification and errors in estimating contributions and the addition of
more haplotypes increases the possibility of erroneous additional haplogroup calls caused by
interference between variants. To demonstrate the utility of our approach on complex mixtures
of 3 individuals, we generated 132 mixtures of 10,000 fragments from 12 individuals in our
panel (3 from each population group). Each mixture was generated by sampling from a “major”,

“minor”, and “trace” contributor at mixtures proportions 75/20/5.
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Figure 3.4: Contribution estimates from in silico mixtures of three individuals. Each mixture of
10,000 fragments contains fragments from a major (75%), minor (20%) and trace (5%) contrib-
utor. Filled shapes (e.g, o) indicate where mixemt identified the exact haplogroup for the con-
tributor and outlined shapes (e.g., o) indicate that a closely related haplogroup was identified.
Trace contributors that were not detected are indicated with an “x”” and additional haplogroups
are shown as “+”. Mixtures are sorted by the major contributor and samples where the con-
tribution estimate for the major haplogroup drops share the same major contributor (HO06 and
1217).

Out of the 132 three individual mixtures we generated, mixemt detected the three
contributing haplogroups with no additional haplogroups in 108. The haplogroup of the major
contributor (75%) was identified correctly in every mixture while the haplogroup of the minor
(25%) was found in 130 mixtures. The two mixtures where the exact minor haplogroup was not
found involved mixtures of samples C035 and J217. In both cases, interference from a private
allele in J217 (G13590A) caused a closely related haplogroup to be identified (Hlelb1 instead
of H1[2]). The trace (5%) haplogroup was detected in 129 mixtures and correctly identified in
121. Additional haplotypes passed through filters in only 14 of the mixtures (12 with a single
additional haplogroup, 2 mixtures where 2 additional haplogroups were found). We found that
the contribution estimates closely followed the true mixture proportions (Figure 3.4). The mix-
tures with the greatest discrepancy between the actual and estimate contributions were found

when samples J217 and HOO6 represented the major contributor. Both of these haplotypes con-
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Exact | Close
Contributor Match | Match | Missing

Major (75%) 132 0 0 -
Minor (20%) 130 2 0 -
Trace (5%) 121 8 3 -
Additional - - - 14

Table 3.4: Results from analysis of in silico mixtures of 10,000 fragments from three individu-
als. Additional haplogroups were erroneously detected in 14 mixtures.

Haplogroup Proportions

Single source | Found Estimated | Estimated

Mixture Contributor (mitotool) (mixemt) | Actual | (GeneMarker) | (mixemt)
HO15-J167 | HOI1S (-) Cl1b2 Cl1b2 50 51.79 52.2
J167 (-) D4j D4 50 47.46 47.8

HO15-J167 | HO15 (Major) | C1b2 Cl1b2 75 75.96 76.3
J167 (Minor) | D4j D4; 25 23.20 23.9

C163-H104 | C163 (Major) | K2a6 K2a6 80 79.58 82.2
H104 (Minor) | Clbl1 Clbl1 20 18.68 17.8

Table 3.5: Results from mixture proportion analysis of 3 in vitro mixtures of two individuals.
Estimated mixture proportions made using the detected contributors closely match the expected
proportions and independent estimates from GeneMarker.

tain private alleles that occur elsewhere in Phylotree. We also found that reads were generally
assigned to the correct haplogroup although the “trace” contributor was affected the most by

fragment misassignment (Additional Figure B.4).

3.3.6 In vitro mixtures

Finally, to demonstrate the utility of our approach on in vitro mixture samples, we
analyzed data generated from directly sequencing mixtures of DNA from two contributors. We
analyzed sequences from three mixtures, two of which were made up of DNA from the same
two contributors (US Hispanic HO15: Japanese J167) with two different mixture proportions

(50/50 and 75/25). We found that mixemt detected the correct constituent haplogroups for all
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Variants
Mixture | Single
Mixture Contributor Prop. | Source | Found | Dropped | Missed | Novel | Bled
HO015-J167 | HO15 (-) 50 54 48 5 1 2 0
J167 (-) 50 47 41 6 0 1 0
HO015-J167 | HO15 (Major) 75 54 49 5 0 0 0
J167 (Minor) 25 47 42 5 0 0 0
C163-H104 | C163 (Major) 82 52 50 2 0 1 0
H104 (Minor) 17 56 50 5 1 4 0

Table 3.6: Results from analysis of variant calls made from haplogroups separated by mixemt
from 3 in vitro mixtures of two individuals. Variants detected from the sequences partition by
contributor were compared with variants called from data generated from a single source. On
average, 90% of variants were recovered correctly. Missing variants were due to insufficient
(“Missed”) or no sequence coverage (“Dropped”) in the sequences partitioned by contributor.
Few novel variants (i.e., not found in the single source data) were found in the reconstructed
sets and we observed no cases of a variant from one contributor appearing in the variant calls
for the other contributor (“Bled”).

three mixtures with no additional haplogroups found. Next, we compared the estimated mixture
proportions, generated from a second pass of the EM algorithm made on only the detected
haplogroups, with the expected proportions. We found that our estimates closely followed the
expected contributions in all mixtures as well as independent mixture proportions estimated by
GeneMarker (Table 3.5).

To evaluate the effectiveness of our program to reconstruct haplotypes from mixtures,
we generated variant calls for each set of reads partitioned by haplogroup. For comparison, we
generated variant calls for each individual using reads sequenced from a single source sample
(Table 3.6). Unlike in the comparison made for in silico mixtures, the variant calls made for
the single source and reconstructed sets are not made from the same sequences and may vary
between mixture and control. We found that on average 90% (280 of 310 total) of the variants
identified in the single source sample were recovered from the haplogroup read sets. In the cases

where a variant was not detected, 18 were missing because those positions were not covered by
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any assigned reads in the partitioned set and 2 variant positions were observed but not called
due to low sequence coverage. Eight novel variants were detected in the reconstructed sets that
were not observed in single source variant calls. Upon closer inspection, the novel variants all
represent indels either surrounding the inserted reference ‘N’ positions (523, 524 and 3107) or
in control region homopolymer runs (~ 285 and 310). In all three in vitro mixtures, we found

no cases where a variant from one contributor appearing in the variant calls for the other.

3.4 Discussion

We describe an approach for deconvoluting mixtures of shotgun mitochondrial se-
quence data that makes use of the large knowledge base of mitochondrial diversity. We have
demonstrated that our method can accurately determine the haplogroups that are present in a
sample and estimate the proportions of the mixture from high-throughput sequencing data. Fur-
thermore, we have demonstrated that our method can separate fragments in a mixed sample by
their likely originating contributor and reconstruct the constituent haplotypes of a mixture. Our
approach has power in difficult cases where contributors are present in equal proportions and
where the minor contributor makes up 5% of the total sequences.

Our program is the first, to our knowledge, to identify the haplogroups present in
a mixed sample directly from high-throughput sequence data mapped to a reference sequence.
Many tools have been developed to determine haplogroups based on Phylotree and other mtDNA
databases. Among these are MitoTool [31], HaploGrep [116], HaploFind [110], EMMA [86],

Phy-Mer [73], and MToolBox [21]. Each operates on different types of input data with dif-
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ferent strategies for identifying haplogroups. EMMA and HaploGrep take variants as input,
HAPLOFIND works on near complete mtDNA sequences, and MitoTool accepts both variants
and sequences. Phy-Mer and MToolBox both operate on high-throughput sequencing reads.
With the exception of the unique, alignment-free, K-mer based approach implemented by Phy-
Mer, all of these tools require significant processing of high-throughput sequencing reads to
generate consensus sequences or variants needed for haplogroup identification. This makes
detection of minor contributors difficult or even impossible as low-frequency variants are dis-
carded prior to haplogroup analysis.

In addition to identifying the haplogroups contributing to a mixed sample, our ap-
proach also partitions the input reads by the most likely contributor. Similarly, in the field of
ancient DNA, methods for separating endogenous DNA in a contaminated sample have been
developed and applied [96, 82]. These methods rely on the characteristic fragmentation and
base pair misincorporations of ancient DNA to separate ancient fragments from contaminating
modern sequence. Our approach operates in a similar way, but on an orthogonal feature of the
data. Under our approach, distinct contributors can be extracted from a sample where patterns
of DNA damage are not found or in cases where damage patterns appear on fragments from
multiple contributors (e.g. an environmental DNA sample).

The power of our method to recover full haplotypes of contributors depends on two
aspects of the input data: the number of differences that exist between the contributing hap-
lotypes and the distribution of fragment lengths in the DNA library. As our method relies on
common variants to assign fragments to contributors, mixtures of similar haplotypes inherently

contain less information to determine the haplogroup of origin for each fragment. In complex
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mixtures of 3 or more individuals, even less information is available as variants are often shared
by more than one contributor. If a fragment can be assigned to a contributor, the average frag-
ment length of a sequenced library determines how many base pairs can be observed upstream
and downstream of an informative position. In highly fragmented samples where the fragment
lengths rarely exceed 100 bp, such as those from ancient sources, it is unlikely that the com-
plete haplotype could be recovered. Long read data is advantageous in our approach for both
identifying haplogroups and assembling haplotypes. However, our results demonstrate that the
majority of reference positions can be observed with an average insert size of just 200-300 bp.

Although our approach is able to identify the haplogroups present in a mixture, oc-
casionally other haplogroups are identified by our software in addition to the true contributors.
These haplogroup signals are often driven by private mutations that occur at known variant po-
sitions. While the heuristic filters we employ are effective at removing most erroneous signals,
a filtering scheme that works correctly for every mixture case is unrealistic. Instead, improve-
ments in accuracy may come through deeper understanding of haplotype variation and the mito-
chondrial phylogeny. Our implementation assigns less weight to sites where multiple mutations
occur in Phylotree, but more comprehensive estimates of site-specific instability from additional
mtDNA databases, such as those used in EMMA [86], may also help to improve accuracy.

It has been noted that the process for determining the haplogroup of a single mtDNA
sequence cannot be completely automated with accuracy [9, 86]. These challenges are mul-
tiplied when considering a mixed sample of short mtDNA sequences. We have demonstrated
that our approach can yield accurate haplogroup assignments and mixture proportion estimates,

as well as accurate assignment of fragments to identified contributors. Furthermore, our ap-
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proach and algorithm work in a transparent way that allows for results to be easily interpreted.
Through this combination of automation and human intervention, we believe that the approach

implemented in mixemt can greatly improve the tractability of mixed sample interpretation.

3.5 Additional methods

3.5.1 Description of algorithm

We employ the Expectation Maximization (EM) algorithm to estimate the haplogroup
mixture proportions in samples of DNA fragments and to estimate the conditional probabilities
of each fragment originating from each haplogroup (see primer by Do and Batzoglou [28]).
First, we define §;,,, a matrix of indicator variables for whether the observation of variant
ve {A,C,G, T} at reference position i is consistent with haplotype g, which we set to represent
the probability of observing (i, v) in haplotype g. For each sequenced fragment j, we define {V;}
as the set of variant tuples (i,v) observed from read j. From these, we obtain the probability of

observing the variants in fragment j from haplotype g:

S8je= T Bive (3.1)

ivev;
Given a set of fragments N and a set of haplotypes G, we estimate the mixture pro-
portions {6, } by the following algorithm. First, {6, } is initialized randomly by drawing from a
Dirichlet distribution. In the expectation step, we obtain the conditional probability of observing

the variants in fragment j € N in haplotype ¢ € G given mixture proportions {6, }:

egsj,g

— (3.2)
22:1 0y8)¢

{jeN,geG —
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We perform the maximization step by obtaining a new estimate of {6, } from z:

N
Zj:I Zj.g

v (3.3)

egEG =

The expectation and maximization steps are iterated until convergence. The mixture
proportions and the conditional probabilities that achieved the highest likelihood are used to
identify and assign fragments to contributing haplotypes.

To reduce the number of rows in the matrices, we collapse fragments that represent
the same sub-haplotype and keep track of the number of times each sub-haplotype has been

observed.

3.5.2 Identifying contributors

We employ two heuristic filters to reduce the number of haplotypes under consider-
ation (Figure 3.5). First, we find the haplotypes associated with the highest conditional proba-
bility for each fragment and remove haplotypes that represent the highest probability for fewer
than n fragments (10 by default). This step removes candidate haplotypes that differ from the
true contributing haplogroups by only a few variants. For a haplotype to be considered as a true
contributor, there must be fragments that are best explained by the presence of this haplotype.

We apply a second filter based on the diagnostic variants described by Phylotree
(Figure 3.5, right panel). As described above, our algorithm does not require fragments from a
haplotype to be evenly distributed across the reference sequence. As a result, a variant present
in a contributor’s haplotype that is unknown to that haplogroup background may be taken as

evidence for the presence of another haplotype. To remove these cases, we examine the counts
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Figure 3.5: Schematic of filtering steps to identify likely contributors. For a haplogroup to
be considered a contributor, we require there to be read fragments that are best explained by
the presence of that haplogroup (left). Using the conditional probability matrix produced by
the expectation maximization algorithm, we find the haplogroup (column) associated with the
highest probability for every read (row) (marked with a x) and remove haplogroups with little
or no read support from consideration. Next, haplogroups are filtered based on the diagnostic
SNP positions from Phylotree (right). Haplogroups signals that are driven by private mutations
are removed, while haplogroups with broad support across the majority of unique diagnostic
positions are reported and passed on to the assembly steps.

of base observations for unique diagnostic markers for each haplogroup. In descending order of
estimated proportion, we identify the defining variants for the contributing haplogroup relative
to the Reconstructed Sapiens Reference Sequence from Phylotree. If the fraction of observed
diagnostic variants is lower than a specified cutoff (50% by default), the haplogroup is removed
from consideration. Otherwise, the haplogroup is retained and the observed variant bases are re-
moved from consideration in subsequent contributors. This is repeated for each of the remaining

haplogroups.
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3.5.3 Assigning reads to contributors

Fragments are assigned to the remaining contributors using the conditional probabil-
ities obtained from the EM algorithm. The conditional probabilities are normalized by the final
mixture proportions and the top two probabilities are compared as a odds ratio. If the ratio ex-
ceeds a user-specified cutoff, the read is assigned to the contributor associated with the highest

probability. Otherwise, the read is reported as unassigned.

3.5.4 Implementation

Our method is implemented in the software package mixemt in the scripting lan-
guage Python. It makes use of pysam (https://github.com/pysam-developers/pysam), a
Python interface for HTSIib [64], to read and write BAM formatted files and NumPy [107] for
vector and matrix operations. The source is available online at https://github.com/svohr/

mixemt.

3.5.5 Laboratory processing

To test our approach, we generated shotgun mitochondrial genome sequence data
from single source and contrived mixture samples using probe capture for mtDNA enrichment
and the Illumina MiSeq for massively parallel sequencing. The mtDNA copy number and nu-
clear DNA amount was estimated using a duplex real-time qPCR assay [104] from previously
extracted blood-derived DNA from 18 individuals representing 4 population groups (African-
American, US Caucasian, US Hispanic, and Japanese) [84]. These estimates were used to

normalize the target input DNA amounts of the single source samples (1-2 ng nuclear DNA
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and 500,000-2 million mtDNA copies) and to prepare the two-person contrived mixtures by
varying the proportions based on mitochondrial copy number with a target of 1 million mtDNA
copies total (1-2ng nuclear DNA). DNA libraries were prepared following the KAPA Hyper
Prep Kit TDS protocol (Roche, Indianapolis, Indiana) following the manufactures guidelines
for the Illumina platform. All samples were sheared to an average of 250 bp following the
Covaris M220 manufacturer’s recommended protocol (50 W, 20% duty factor, 200 cycles per
burst, Treatment Time (s) 375, Temperature 20° C, 50 uL). After each DNA sample was frag-
mented a unique dual matched index adapter is ligated to the sheared DNA sample. 24 sets of
IDT’s HT Dual Matched Index adapters (IDT, San Diego, CA, USA) were used in order to be
able to pool samples prior to probe capture. Dual matched indexes ensure no sample mix-up
due to possible template switching. The dual matched adapter concentration varied based on
DNA amount (300 nM—3 uM). The PCR cycle number (15-18 cycles) was varied depending on
the DNA amount. The Agencourt AMPure XP reagent (Beckman Coulter, Brea, CA, USA) was
used for small fragment removal following the ratios recommended in Nimblegen SeqCap EZ
Library SR protocol (Roche, Indianapolis, IN, USA) and was repeated for a subset of samples
which showed incomplete removal of dimer artifacts after the initial size selection step.

Up to 24 dual-indexed samples were normalized and pooled for probe capture using
a custom Roche SeqCap EZ Library Developer Library kit (Roche, Indianapolis, IN, USA)
probe set targeting the entire mitochondrial genome with high tiling redundancy developed
by Calloway et al. (unpublished data). The NimbleGen SeqCap EZ Library SR protocol was
followed to enrich for mtDNA and hybridization was carried out overnight (16-18h). Small

fragment removal was carried out two times using the Agencourt AMPure XP reagent at the
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recommended ratio. The amount, quality, and size distribution of the capture product pool
was determined using the Bioanlayzer DNA 7500 kit (Agilent Technologies, Santa Clara, CA,
USA). A dual size selection was carried out following the Hyper Prep Kit TDS protocol for the
single source population sample capture product pool to remove large fragments as well as small
fragments. The probe capture product pool was quantified using the Quant-iT™ PicoGreen®
dsDNA Reagent (ThermoFisher Scientific, Waltham, MA, USA) and diluted to 12.5 pM and
sequenced using the MiSeq Reagent PE Kit V2 500 cycles on the Illlumina Miseq (Illumina,
San Diego, CA, USA). Sequencing data was analyzed using Nextgene, GeneMarker Softwares

(Softgenetics, State College, PA, USA) and mixemt.

3.5.6 Sequence data processing

Reads sequenced from each library were processed with SeqPrep (https://github.
com/ jst john/SegPrep) to remove adapter sequence and merge overlapping reads. Reads were
mapped to the Reconstructed Sapiens Reference Sequence (RSRS) [109] using BWA (bwa aln
with default parameters) [63]. Mapping was done with a linear reference sequence and cir-
cularized reference to capture fragments overlapping both the start and end of the reference
sequence. Custom scripts were used to merge alignments to both reference sequences and to
correct alignments that spanned the ends of the sequence (available from https://github.
com/svohr/circ_aln)

Variants relative to the RSRS reference sequenced were called using the mpileup
utility in SAMtools and the call function of BCFtools [64]. All variants were called as haploid

for both single-individual samples and contributor sets from mixtures.
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3.5.7 Haplogroup assignments

To determine haplogroup assignments for each individual independently of mixemt,
we generated complete mtDNA sequence assemblies from mapped reads using mpileup in
SAMtools [64] and a custom utility to determine the majority base for each reference posi-
tion (pu2fa, available from https://github.com/Paleogenomics/Chrom-Compare). Hap-
logroup assignments were made by running MitoTool [31] on the complete mtDNA sequence

for each individual using Build 16 of the Phylotree mtDNA phylogeny.
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Chapter 4

Detecting mitochondrial haplogroups in

ancient contact DNA

4.1 Introduction

DNA from an individual can easily be transferred to an object through casual contact.
Forensic scientist have developed methods to collect and amplify DNA from objects that have
been in direct contact with skin or bodily fluids [108]. Contact DNA presents a unique set
of challenges compared with direct sources of DNA. First, contact DNA is present in small
quantities. Second, contact DNA is especially susceptible to contaminating DNA from outside
sources such as handling during collection or laboratory preparation. Third, the target DNA
itself may represent a mixture from multiple individuals in contact with the object. As a result,
the interpretation of DNA mixtures is a fundamental necessity for the correct analysis of contact

DNA.
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Although contact DNA has been used extensively by forensic scientists, very few ar-
chaeological studies have examined DNA transferred to artifacts [46, 60, 85], despite the fact
that ancient DNA can be routinely extracted from bones, teeth, and hair [94]. Ancient contact
DNA is susceptible to the same confounding factors as modern contact DNA with additional
complications unique to ancient samples. First, the preservation of ancient DNA is largely de-
pendent on the surrounding environment, with cooler and dryer conditions being more amenable
to DNA preservation [99, 61]. As contact DNA occurs on the surface of an object, it is not pro-
tected by outer layers and may be more affected by the surrounding temperature and humidity
[2]. In addition, ancient DNA is highly fragmented, with the majority of ancient molecules be-
ing shorter than 100 bp. Ancient DNA is also marked by damage due to cytosine deamination
near the 5’ ends of molecules. These damaged bases manifest as C to T and complementary G
to A transitions in sequenced reads, which may confound downstream analysis [26].

As discussed in Chapter 3, the mitochondrial genome is a promising target for the
analysis of DNA mixtures, including contact DNA. Compared with the nuclear genome, the
mitochondrial genome is highly variable per base pair and present in high-copy number within
each cell. These properties allow for highly informative mtDNA sequences to be more easily re-
covered from the surface of an artifact. In addition, mitochondrial haplotype variation has been
studied in depth to characterize human matrilineal population history, including migrations and
population expansions and bottlenecks [105, 106]. Unlike forensic identification, where power
is gained through the detection of private alleles and precise haplotype reconstruction, signifi-
cant insights can be gained from archaeological samples by assigning recovered sequences to

haplogroups based on common alleles.
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One strategy that has been used to identify haplogroups from ancient contact DNA
is to amplify specific diagnostic regions of the mitochondrial genome and sequence the prod-
ucts to determine the bases present at known variant sites [60, 85]. Although this approach
has proved effective, it is not without its limitations. First, the number of diagnostic region
amplifications that can be performed limits the number of haplogroups that can be screened.
Therefore, the design of an experiment may sacrifice power to identify haplogroups across the
entire mitochondrial tree in order to identify more specific haplogroups on one branch, or vice
versa. Second, the use of PCR limits amplification only to molecules that span the entire length
of the target region. As ancient DNA is highly fragmented by nature, this excludes a large
population of potentially informative molecules and biases the results towards longer fragments
that are more likely the result of modern sequence contamination.

We propose an alternative approach to identifying haplogroups from ancient contact
DNA samples that makes use of high-throughput shotgun sequencing to generate an accurate
survey of the molecules present on an artifact. In addition, we employ whole mitochondrial
sequence enrichment to recover informative sequences more efficiently [40, 100]. To identify
haplogroups that are present in the recovered DNA, we employ the software tool mixemt, a
program developed to identify the haplogroups present in a mixture sample and estimate their
relative abundances (See Chapter 3). To demonstrate our approach, we generated and analyzed
sequence data from DNA extracted from moccasins, leather, and cordage material that was
previously assessed for contact DNA using high-throughput sequencing of PCR amplification
products [85]. We performed both automated haplogroup mixture detection and inspection of

diagnostic positions to verify the results. In addition, we examined sequences for evidence of
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haplogroup A2a, a distinct haplotype that has been inferred to have undergone a range expansion

from Alaska to the American southwest in the past 1-2 thousand years [1].

4.2 Materials and methods

4.2.1 Moccasins, leather, and cordage samples

Moccasins, Leather and Cordage material were collected from a cave on the north
shore of the Great Salt Lake. The site was excavated originally in 1930s and again in 2010
and 2011. Original excavations revealed signs of occupation around 700 years ago [13, 51].
38 samples were selected for ancient DNA analysis, and 9 of these samples were selected for
whole-mitochondrial sequence enrichment. The 9 samples consisted of 7 moccasins, 1 cordage
sample, and 1 leather sample that was possibly a mitten or the lining of a mitten. The moccasins
and mitten all showed signs of wear including holes and were therefore excellent candidates for
containing DNA transferred by contact with skin during use. Since cordage is made by rub-
bing plant material between the hands and thighs and occasionally applying saliva, the cordage

sample may contain DNA transferred during its manufacture.

4.2.2 Sequence data set

DNA was extracted from 9 samples in a clean room dedicated to ancient DNA work.
[llumina sequencing libraries were prepared from the DNA extract. We enriched libraries for
human mitochondrial DNA using biotinylated RNA baits that were based on the Reconstructed

Sapiens Reference Sequence (RSRS) [11] (MYbaits v3; MYcroarray), following the manufac-
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turer’s instructions. The enriched libraries were sequenced on an Illumina MiSeq sequencer

using v3 75-bp paired-end chemistry.

4.2.3 Sequence data processing

Prior to haplogroup analysis, sequenced reads for each moccasin library were inde-
pendently processed to remove potentially confounding artifacts. First, read pairs were adapter
trimmed and overlapping pairs were merged using SeqPrep (https://github.com/jstjohn/
SeqPrep). Merged and unmerged fragments were filtered to remove low-complexity sequences
using PRINSEQ-lite [91]. The sets of merged and unmerged fragments were combined and
mapped to the Recontructed Sapiens Reference Sequence (RSRS) using bwa aln [63] and cus-
tom scripts to correct alignments that occurred at the ends of the circular genome (available from
https://github.com/svohr/circ_aln). Duplicate sequences from PCR were removed us-
ing samtools rmdup [64] (Table 4.2.3).

While the baits used in the capture protocol were specifically designed to capture
human mtDNA sequences, it is possible that other mammalian mtDNA sequences were enriched
along with the human sequences. Conserved regions of the mitochondrial genome are especially
susceptible to these off target fragments. To remove these fragments from consideration in
haplogroup analysis, we implemented a strategy for filtering non-human fragments using results
from BLAST [5]. For each read, we ran BLAST searches against a database of non-human
sequences and a database that included only human sequences. We removed reads for which
a search hit was found in the non-human database but not in the human database. If a hit was

found in both databases, we removed reads where the E-value for the top hit in the non-human
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database was greater than the E-value for top hit in the human database. After filtering by
BLAST search results, we found elevated sequence coverage around reference position 3,060,
within the 16S RNA gene, in all moccasin samples. As a precaution, we excluded the region
surrounding this peak (3,000-3,100) from variant analysis.

Sequenced DNA from ancient sources often contains excess C to T substitutions due
to cytosine deamination near the 5° end of the sequenced fragment [26]. This process also re-
sults in complementary G to A substitutions near the 3’ end. These errors can lead to problems
in haplogroup analysis as the overwhelming majority of mtDNA SNP variation is due to transi-
tion mutations (C<T, A«<+>G). Our software, mixemt, does not explicitly consider ancient DNA
damage patterns when examining a fragment for any haplogroup informative markers. Instead,
we masked the first 5 base pairs and last 5 base pairs of every read (marked as soft clipped),
where base errors due to damage are most likely to appear.

When running mixemt on the moccasin reads, we chose parameters to fit the nature
of the data sets. First, the number of fragments available in each moccasin set (472-8,921)
was similar to the number of fragments used to test mixemt (see Chapter 3). However, the
average length of each fragment in the moccasin data sets was considerably lower than that of
modern sequence data. As aresult, fewer sequenced base pairs are available for analysis and less
haplotype information can be extracted from individual fragments. To avoid stochastic affects
that may arise from the expectation maximization (EM) algorithm with the reduced amount
of data available, we ran the EM step to convergence from multiple random starting points
(N = 10) and took the mean estimated proportions and conditional probabilities. Second, since

the sequence coverage from each moccasin is relatively low, it is possible that some diagnostic
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alleles may not be observed in our read sets. This is especially a concern for our data sets,
which could be complex mixtures of multiple haplotypes. As a result, the heuristic filtering
step in mixemt that removes haplogroups for which the majority of diagnostic positions are not
observed may be over aggressive in these cases. We ran mixemt with this step both enabled and

disabled to compare results.

4.3 Results

4.3.1 Moccasin fragments exhibit patterns of ancient DNA damage

To verify that the libraries made from the DNA extracted from the moccasins contain
ancient DNA, we used MapDamage [54] to examine each set of aligned sequences for the
characteristics of ancient DNA. The mean fragment lengths in the moccasin samples (between
53 and 70 bp) were lower compared with the fragment lengths in the extraction control samples
(76 and 79 bp). In each of the moccasin samples, we found elevated C to T substitutions at the
5’ ends of sequences, and complementary G to A substitutions at the 3’ ends (Figure 4.1). This

increase in base substitutions was not found in either of the extraction controls.

4.3.2 Haplogroups detected in moccasin samples

We ran mixemt on the filtered reads for each moccasin with the parameters discussed
in Section 4.2.3 to identify any haplogroups that were present. We found that the haplogroups
that were detected were predominantly related to haplogroup B2 (Figure 4.2). The most com-

mon detected haplogroups were B2a, found in 7 moccasins, and B2y1, found in 6 moccasins.
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Figure 4.1: Ancient DNA base misincorporations in leather and cordage samples. In the moc-
casin, leather, and cordage samples, C to T transitions occur at higher rates near the 5’ end
of fragments mapped to the Reconstructed Sapiens Reference Sequence. Complementary G
to A transitions are also observed at higher rate near 3’ end of mapped fragments. These pat-
terns in base misincorporation are not found in either of the extraction controls (JK-EC51 and
JK-EC52).

72



1.00 -

QQQQQ

0.75-

B2at

0.50 -

Proportion

B2a

B2ada B2yt Fiaz

] B2a -
028 B2/B2r || B2y

B2yt 82y1 A2ht

B2a B2a2 B2y1 B2a
A2
Azi14)

0.00-

1 1 1 1 1 1 1 1 1 1 1
JK332 JK333 JK334 JK335 JK336 JK337 JK338 JK339 JK340 JK-EC51  JK-EC52
Moccasin

Figure 4.2: Haplogroup mixture proportions estimated by expectation maximization from se-
quenced whole mtDNA enriched libraries from moccasin and cordage samples (JK332-JK340)
compared with two extraction controls (JK-EC51 and JK-EC52). Each column represents a sin-
gle library. Haplogroups supported by at least 1 fragment are shown as a box scaled by the esti-
mated contribution to the mixture and haplogroups with support from fewer than 10 fragments
are shown in gray. Due to the short fragment sizes, many fragments do not overlap informative
positions, leaving the haplogroup of origin ambiguous and increasing the overall uncertainty
of the mixture estimates. However, haplogroups B2a and B2y1 are found consistently across
samples but not in extraction controls. Note: Haplogroups B2 and B2r are collapsed into a
single haplotype since B2r is defined by a deletion and only single nucleotide substitutions are
considered.

In 8 out of the 9 moccasins, B2a or B2yl was identified with the highest estimated proportion
and in 6 moccasins, B2a and B2yl were identified as the two highest contributors. The one
moccasin where both B2a and B2y1 were not found (JK333) was one of the smaller data sets
(2,227 fragments) and haplogroup B2, the parent haplogroup of both, was the only detected
contributor. Several other haplogroups passed the detection requirements for mixemt, but each

was estimated to make up less than 10% of the mixture individually. In the extraction controls,
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neither B2a nor B2y1 were found in the detected haplogroups. In one of the extraction controls,
B2a was associated with the fourth highest contribution (6.8%) of the mixture proportions.
However, B2 was identified as the most likely contributor for only 2 fragments and the overall

number of unique fragments in the extraction control was very low (447 total fragments).

4.3.3 Evidence for presence of haplogroup B2

To verify the presence of haplogroup B2 in the moccasin samples, we examined the
51 SNP positions that define haplogroup B2 in relation to the Reconstructed Sapiens Reference
Sequence according to Phylotree [109]. Table 4.3.3 shows the number of times the derived allele
(the version carried by haplogroup B2) and the inferred ancestral allele are observed within each
sample. We found that all diagnostic bases for haplogroup B2 were observed in samples JK332
and JK334, all but 1 were observed in samples JK333, JK334, and JK339, and sample JK337
had only 2 missing bases. The missing observations are primarily due to lack of coverage of
the reference sequence within a sample. The samples with the lowest amount of sequence data
available (JK336, JK338, and JK340) had the highest number of unobserved diagnostic bases.

As many of the defining variants of B2 are shared with other haplogroups, we nar-
rowed our focus to the 15 variant positions where B2 differs from our other haplogroup of
interest, A2a (Table 4.3.3. In samples JK332, JK333, and JK334, derived bases were observed
at all 15 diagnostic positions and only 1 derived base was not found in each of samples JK335,
JK337, and JK339. In the samples with the lowest coverage and highest number of unobserved
diagnostic positions (JK336, JK338, and JK340), we observed the derived base at each diag-

nostic position at the same rate.
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4.3.4 Evidence for absence of haplogroup A2a

To verify that haplogroup A2a cannot be detected in the moccasin samples, we exam-
ined the bases present at the haplogroup defining positions that are not shared with haplogroup
B2 (Table 4.3.4). In all moccasin samples, we saw that fragments that overlapped unique di-
agnostic positions for A2a predominantly carried the inferred ancestral bases rather than the
derived bases that define the A2a haplogroup. The counts of derived bases were similar to what
was found in the extraction controls. The exception to this is variant C16111T where the counts
for the derived base were elevated in several moccasins. However, this variant is also shared
with haplogroup B2a and the elevated derived base count may be due to the presence of this
sub-haplogroup of B2 in the mixture. We conclude that haplogroup A2a is not present in the

DNA recovered from these moccasin samples.

4.3.5 Evidence for mixture of haplogroups B2a and B2yl

Our software, mixemt, detected haplogroups both B2a and B2yl in 6 out of the 9
moccasin samples (JK332, JK334, JK335, JK337, JK339, and JK340). Since these two hap-
lotypes differ by only 4 single base substitutions, we examined each position for evidence that
these sets of fragments represent a mixture of these two haplogroups (Table 4.3.5). Haplogroup
B2a is differentiated from B2 by variants C16111T and G16483A while B2yl is defined by
variants A3480G and C16261T. A mixture of these two haplogroups should contain both the
derived and ancestral bases at each position. In the samples where B2a and B2y1 were detected,
we observed all 8 variants in 4 out of the 6 samples and all but the derived variant at position
16,261 in the remaining samples.
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The observation of a derived allele at a variant position cannot simply be interpreted
as evidence for a haplogroup’s presence. Some variants appear independently in different hap-
logroups due to back mutations. The observation of a derived base at position 16,111 provides
little support for the presence of B2a; the derived base was observed in the extraction controls
and the mtDNA phylogeny from Phylotree.org infers that mutations have occurred at the posi-
tion 29 times throughout the phylogeny. However, the variant G16483A is only known from
haplogroup B2a and the derived base was not observed in the extraction controls. For the vari-
ants defining haplogroup B2y1, a mutation producing A3480G is inferred to have occurred 3
times while 33 mutations were inferred at position C16261T. Neither derived base occurs in the
extraction controls.

It is difficult to conclude that these samples represent genuine mixtures of distinct
haplotypes from these observations. However, the fact the B2a and B2yl were independently
detected in nearly all samples suggests that haplogroup assignments below B2 are not the result
of random patterns of DNA damage. Furthermore, it is unlikely that the mixture signal is driven

by incomplete data as the mixtures were detected in the samples with the highest coverage.

4.4 Discussion

We have demonstrated that a strategy of whole mitochondrial sequence enrichment
and high-throughput shotgun sequencing can be used to recover ancient human DNA transferred
by contact with artifacts. Central to this approach is the ability to identify haplogroups present

in a mixture of mtDNA sequences in a fast and automated way. Unlike PCR-based experiments,
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which must be designed to focus on a set of haplogroups and diagnostic regions, our approach
allows for the detection of haplogroups across the entire mitochondrial phylogeny [109]. This
feature is especially useful in identifying unexpected haplogroups including contamination from
modern human DNA.

Ancient DNA presents unique challenges to the interpretation of mixtures with our
software mixemt. Since ancient DNA is highly fragmented many sequences may not contain
any information that can be used to assign them to a haplogroup. This can be seen in our results
as much of inferred mixture proportions were attributed to many low-contribution haplogroups.
Another consequence of the short fragment size is that there is little haplotype information
present within individual reads that can be used to discern the underlying haplotypes. Although
mixemt was not specifically designed to handle ancient DNA, the program still produces con-
sistent and interpretable results on these data sets.

A recurring question in the field of archaeology is whether changes in material cul-
ture observed in the archaeological record represent the spread of cultures or the movements of
populations (“pots versus people”) [83]. Ancient contact DNA has the potential to aid in an-
swering these questions as DNA evidence can be obtained directly from artifacts and from sites
where no human remains are present. Since artifacts may have been in contact with mulitple
individuals, and therefore contain a mixture of DNA, mitochondrial mixture analysis plays an

important role in extracting the most information from these sources.
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Chapter 5

Conclusions

In this dissertation I have presented two approaches for forensic identification us-
ing high-throughput sequencing data and demonstrated their use on real and simulated data
sets. Both approaches make use of descriptions of human genetic diversity to interpret the het-
erogeneous data produced by shotgun sequencing. In Chapter 2, I presented an approach for
determining whether two extremely low-coverage DNA libraries share a common source indi-
vidual, using patterns of linkage disequilibrium rather than direct comparisons between alleles.
In Chapter 3, I described an approach to deconvolve mixtures of mitochondrial sequences based
on haplogroups described by the inferred human mitochondrial phylogeny [109] and in Chapter
4, I demonstrate its utility on ancient contact DNA extracted from ~ 700 year old leather and
cordage samples.

The methodologies described in this dissertation have enormous potential for applica-
tion in a variety of fields. Some of the most obvious applications can be found in archaeological

work with ancient DNA where high-throughput shotgun sequencing is already routinely em-
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ployed. For most ancient samples, high-coverage genomes are not obtainable, either because
of low endogenous DNA content or limited sequencing resources. As a result, tools that are
specifically designed for low-coverage data are required to learn the most from samples that are
limited by the amount of material available for extraction or by the complexity of the recov-
ered molecules. Low-coverage methods are also important for large ancient DNA sequencing
projects, where generating high-coverage genomes for many samples is not feasible [34, 4, 45].
Although studying ancient DNA has produced insights into large-scale human pop-
ulation history, there is also great potential for ancient DNA to help reveal the local history of
an archaeological site [78]. For example, our method for testing if two low-coverage libraries
share a common source individual could be applied to sparse sequencing of DNA extracted from
remains found in comingled burial contexts to determine the number of individuals present
and associate remains with specific individuals. Furthermore, an extension of our method to
detect first-order relationships would be useful for detecting kinship from excavated burials.
While these types of questions have been previously addressed with PCR-based methods (e.g,
[92, 56, 24]), a shotgun-based approach may be better suited for degraded or minute samples
and for assessing ancient DNA authenticity. In addition, we have demonstrated that our method
for mixture interpretation can be used as to determine mitochondrial haplogroups from ancient
contact DNA, but our approach could be also applied to other sources of DNA mixtures (e.g.,
environmental DNA [103]), or used in quality control to identify sources of contamination.
There is also great potential for the application of our methods in forensics casework.
First, our approach for interpreting mixtures of mitochondrial sequences addresses a critical

issue for many forensics samples and can be used simply to detect mixed samples or to recon-
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struct near complete haplotypes for each contributor. The method can be equally applied to
known mixture samples related to a case or used to detect contamination from outside sources.
Although I evaluated the method using relatively short, shotgun sequences, our approach can
also be applied to read pairs with longer inserts, long reads, or sequenced amplification products
from one or more loci. Second, our approach for comparing extremely low-coverage sequenc-
ing libraries could also be applied to highly degraded or low-template DNA samples. Our
method, which relies on linkage information to determine whether two sparse, non-overlapping
sequence data sets originated from the same individual, is fundamentally different from the
standard forensics approach of generating a profile and comparing the results to identify indi-
viduals. Although these standard approaches can produce highly sensitive results very quickly,
PCR-based approaches fail when the template molecules required for amplification simply do
not exist within the sample. Shotgun sequencing may be the only way to extract any nuclear
genetic information from some degraded and low-template DNA samples. The linkage-based
identification method described here is uniquely suited to these types of data sets.

Finally, the methods I have described could also be generalized to address similar
problems not related to human identification. For example, given a reference haplotype data
set and sufficient linkage disequilibrium within the population, our approach for low-coverage
identification could be applied to non-human species. Our method could be particularly useful
in conservation genomics for noninvasive monitoring of individuals in threatened populations
[77]. Similarly, given descriptions of haplotypes, our approach to mixture decovolution could
be applied to mixtures of non-human mitochondrial sequences or generalized to any linkage

group that does not regularly undergo recombination (e.g., the Y chromosome). As mixtures of
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DNA from distinct haplotypes and low quanitities of recoverable DNA are recurring issues in
many fields related to genomics, there are likely many additional applications for the methods I

have presented in this disseration.
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Appendix A

Additional materials for ‘A method for
positive forensic identification of samples from

extremely low-coverage sequence data”

A.1 Coalescent simulations

We performed coalescent simulations to test our method free of base errors and under
various demographic scenarios. We used the coalescent simulator ms [49] to simulate diploid
individuals and population reference panels of haplotypes for comparison. For each replicate,
we simulated 3,000 independent segments of 500 Kb in size for a total of 1.5 Gb. Segregating
sites with minor allele frequencies lower than 10% were removed. Reference panels consisted
of 200 haplotypes. For diploid individuals, we simulated base observations from low-coverage
sequencing by randomly drawn an allele from segregating sites at a rate of 0.01. This was done
separately for each chromosome and sites where both alleles were observed were discarded,
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resulting in ~ 0.02-fold coverage. This process was repeated to construct multiple observation

sets per individual.

The following ms commands were used to simulate samples from diploid individuals

and reference panels of haplotypes.

A.1.1 Simulation 1: Single constant-size population

ms 204 3000 -t 200 -r 200 500000

A.1.2 Simulation 2: Individuals and reference panel drawn from different pop-

ulations

Populations split 100 generations ago.

ms 204 3000 -t 200 -r 200 500000

Populations split 500 generations ago.

ms 204 3000 -t 200 -r 200 500000

Populations split 1,000 generations ago.

ms 204 3000 -t 200 -r 200 500000

Populations split 2,000 generations ago.

ms 204 3000 -t 200 -r 200 500000

Populations split 4,000 generations ago.

ms 204 3000 -t 200 -r 200 500000
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Figure A.1: Comparisons between samples from diploid individuals using different reference
panels (window labels indicate populations for “Individuals_ReferencePanel”).

A.1.3 Simulation 3: Recent human demographic history

We tested our method on simulated data based on parameters inferred from allele fre-
quency data [43]. This ms command below describes the population model for the 3 populations
(Africa, Europe, Asia). We repeated the command for each population comparison, changing

the number of chromosomes sampled from each population.

ms 204 3000 -t 470 -r 200 500000 -I 3 204 0 0
-n11.23 -n 2 0.1 -n 3 0.051
—en 0.0189 2 0.21 —en 0.1964 1 0.730
m321.92 -m231.92-m310.38 -m130.38
-m210.6-m120.6
—em 0.0189 2 1 5 —em 0.0189 1 2 5
-e§ 0.0189 3 2 -ej 0.125 2 1

In addition to the within population comparisons described in the paper, we also com-
pared samples from diploid individuals from one population using a reference panel drawn from
another population. We found that power to distinguish between different individuals is dimin-
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Figure A.2: Results of comparisons of simulated first-order relatives are distinct when compared
with results from unrelated individuals and the same individual.

ished when the reference panel drawn from a distantly related population.

A.1.4 Simulation 4: Related individuals

We tested the utility of our method to detect close familiar relationships between in-
dividuals using low-coverage samples. Under the same population model as Simulation 1, we
simulated diploid individuals that would be “parents” for two child individuals. We generated
2 children by drawing 1 chromosome at random from each diploid parent for each simulated
segment. This produced two children that shared ~ 50% of the genome with each other and
with their parents. Allele observations were sampled from the diploid children using the same
strategy as before. We compared the two children with samples from one parent, and a third,
unrelated diploid individual drawn directly from the simulated haplotypes. As expected, the ag-

gregated log-likelihood values for the parent-child and sibling-sibling comparisons fall directly
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between the same individual comparisons and the unrelated individual comparisons (Figure

A2).

A.2 Experiments with sequencing data

We constructed reference panels of single nucleotide polymorphisms (SNPs) using
the 1000 Genomes Project Phase 1 data set [101]. We filtered for biallelic SNPs that were poly-
morphic in the target population with a minimum minor allele count of 10. To avoid errors from
mismapped reads, we restricted our panels to sites where all overlapping 35mers are unique
across hgl9 according to the Duke Uniq 35 track from the Mapability tracks on the UCSC
Genome Browser. We constructed 7 reference panels in total; 5 from Europe (CEU, FIN, GBR,
IBS, and TSI), 1 from Asia (CHB) and 1 from Africa (YRI).

We obtained Illumina sequencing data from a European male (NA12891) and a Eu-
ropean female (NA12892) sequenced as part of Platinum Genomes by Illumina, Inc (http://
www.1llumina.com/platinumgenomes/) from the National Center for Biotechnology Infor-
mation Sequence Read Archive (http://www.ncbi.nlm.nih.gov/sra/, accession ERR194160
and ERR194161). We sampled 3,200, 32,000, 160,000, 320,000 and 1,600,000 reads without
replacement to approximate 0.01%, 0.1%, 0.5%, 1.0%, and 5.0% x coverage of the nuclear
genome to generate two sets at each coverage level for both individuals. Reads were mapped to
the human reference sequence (GRCh37/hg19) using bwa mem [62] with default parameters.

Single base observations were made from mapped reads using output from samtools

mpileup. Reads were required to have a map quality greater than 30 and bases were required
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Figure A.3: Results from low-coverage sequencing comparison using Finnish in Finland (FIN)
population as the reference panel.
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Figure A.4: Results from low-coverage sequencing comparison using British in England and
Scotland (GBR) population as the reference panel.
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Figure A.5: Results from low-coverage sequencing comparison using Iberian populations in
Spain (IBS) population as the reference panel.
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Figure A.6: Results from low-coverage sequencing comparison using Toscani in Italia (TSI)
population as the reference panel.
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Figure A.7: Results from low-coverage sequencing comparison using Han Chinese in Beijing,
China (CHB) population as the reference panel.
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Figure A.8: Results from low-coverage sequencing comparison using Yoruba in Ibadan, Nigeria
(YRI) population as the reference panel.
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Figure A.9: Comparisons of samples with different levels of coverage using CEU reference
panel.

to have a base quality of 30. Positions where more than one read mapped were excluded.

The comparison describe in the main text was repeated with the substitution of the

CEU reference panel with alternatives (FIN, GBR, IBS, TSI, CHB, YRI). We found that all

European populations produced similar results.

Comparisons were also made across coverage levels for the original CEU reference
panel (Figure A.9). This demonstrates that comparisons with a sample with extremely low

coverage can benefit higher coverage in the other sample.
A.3 Ancient DNA

[llumina sequencing data from DNA extracted from 12 samples from 11 Bronze

Age Eurasian humans [4] were downloaded from the European Nucleotide Archive (project
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Figure A.10: In ancient DNA samples, total sequence coverage in comparison is correlated with
the absolute value of the mean aggregated log-likelihood ratio.

accession number PRJEB9021). We downloaded mapped reads in BAM format for samples
RISE109, RISE154, RISE240, RISE247, RISE480, RISE483, RISE507, RISE508, RISE510,
RISES546, RISES554, and RISES86.

Again, single base observations were made from mapped reads using output from
samtools mpileup [64]. Reads were required to have a map quality greater than 30 and bases
were required to have a base quality of 30. Positions where more than one read mapped were
excluded. In addition, only mutations that represented transversion mutations were included in

the analysis.
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Appendix B

Additional materials for “A fast method for
mitochondrial haplotype analysis of sequence

data from complex DNA mixtures”
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Figure B.1: Contribution estimates for in silico mixtures of 2 individuals (same data set as
Figure 3.2) refined with a second round of expectation maximization performed on only the
haplogroups that pass all filtering steps.
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Figure B.2: Source contributor for each fragment after partitioning by detected haplogroups.
Counts for fragments originating from the major contributor are shown in purple and counts
for fragments from the minor contributor are shown in orange (3,000 total fragments in each
mixture). The vast majority of fragments are assigned to the correct contributor. Misassigned
fragments in the 95-5 mixtures are due to the failure to detect the minor haplogroup at this
coverage level.
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