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DNA evidence has revolutionized criminal investigations and has played a crucial role in thou-

sands of forensic cases. Nowadays, DNA typing is a mature field and overwhelmingly seen

as the gold standard in forensic science. The interpretation of DNA evidence, however, is far

from straightforward and challenges arise when evaluating complex profiles and assessing the

statistical weight of the evidence. With the introduction of next generation sequencing (NGS)

technologies a new dimension has been added to the field, providing distinct advantages over

traditional DNA profiling methods in terms of captured information. As a consequence, there

is a need to re-evaluate existing statistical models and underlying parameters to facilitate DNA

evidence evaluations for forensic sequence profiles. This dissertation examines the statistical

impact of NGS data and the perceptions of their use within the forensic science community. In

Chapter 1, we provide sequence-based estimates of population genetic parameters, including

population structure, relatedness, and inbreeding estimates for forensic autosomal markers.

We found similar effects of sequence data on population genetic estimates as what has been

seen for traditional forensic data. Resulting estimates for sequence-based data are also similar

to estimates obtained by restricting to allele number designations. Although the increase in

polymorphism observed in sequence data implies that matching proportions will decrease, we

observed that population genetic estimates may increase or decrease, depending on where the

extra sequence variation occurs. We also detected a positive relationship between inbreed-



ing and average kinship for forensic markers, highlighting the importance of incorporating

appropriate population genetic parameters into forensic calculations. Since ignoring allelic

dependencies has the potential of being prejudicial to the suspect, we recommend estimating

such parameters using genotypic rather than allelic data. Chapter 2 demonstrates the effect

of sequence data on match probabilities, a measure integral to DNA evidence evaluations.

By comparing empirical matching proportions to expected values under the assumption of

independence, we found that results for autosomal markers become less conservative the more

markers we include. Results also showed that the violation of the independence assumption

is exacerbated for sequence-based data as compared to length-based data. We discuss how to

compensate for multi-locus dependencies by using an appropriate theta value, and that these

values may differ between marker systems. We furthermore employed entropy measures to

describe associations between markers for autosomal as well as Y-chromosome profiles, and

saw that there exists a diminishing return on adding more markers beyond a certain point

and that this point may be reached sooner for sequence data. We also examined the extent of

independence of match probabilities across systems and observed that appropriate correction

factors are required for both systems to obtain conservative estimates for multi-locus matches

across different marker systems for autosomal data. Finally, Chapter 3 presents the results of a

qualitative study involving sixteen U.S.-based forensic scientists working with DNA evidence.

We conducted semi-structured interviews to assess if this group of professionals feels equipped

to interpret and present DNA evidence for sequence data. Results highlighted eleven differ-

ent themes that describe the views and needs of study participants surrounding the use of

statistical models and sequence data for forensic purposes. On the topic of statistics, consid-

erations include the need for ongoing training and education and improvement of presentation

of results in court. When it comes to NGS considerations, participants saw huge potential

for numerous applications, but also expressed concerns about existing practical barriers as

well as potential ethical implications of sequence data for forensic applications. Overall, we

believe that these perspectives, along with statistical considerations as addressed in the other

chapters, need to be taken into account in our journey towards successfully implementing

sequencing methods for DNA evidence evaluations.
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INTRODUCTION

Forensic DNA typing

Forensic DNA interpretation is currently centered on the analysis of micro-satellites, or short

tandem repeats (STRs), i.e. short DNA sequences of 2−4 base pairs that are repeated several

times, often ranging from 10−20 repeats. These repeat patterns are located in areas called

loci and vary among individuals. Variants for a given locus are called alleles and they can

be represented as a DNA profile obtained from biological material. Such profiles can then be

compared between evidence and suspect or to existing DNA databases in an effort to implicate

or exclude a person, or their relative, with a crime. These findings are usually accompanied

by some expression on the strength of the evidence based on population genetic quantities

and statistical models.

Initial DNA profiling technologies required relatively large amounts of DNA and were not

suitable for degraded samples. The ability to increase the amount of DNA in a sample by the

polymerase chain reaction (PCR) was of substantial benefit to forensic science [52]. Current

STR typing methods combine the PCR process with capillary electrophoresis (CE) to gain

access to the allele numbers contained in a DNA sample. During PCR amplification, primers

labeled with fluorescent dye bind to DNA molecules within the region of interest. The PCR

products are injected into a capillary where they travel in the direction of a positive charge.

Since the time taken to pass a fixed point depends on fragment size it can be used to infer the

number of repeats. The primers are detected by a sensor measuring the relative fluorescence

units (RFU). Allelic ladders are used to determine allele designations, with integer values

indicating the number of complete repeat motifs and additional nucleotides (i.e. incomplete

repeats) separated by a decimal point [57]. The resulting DNA profile can be visualized with

1



an electropherogram, showing allele numbers along with their respective peak intensity in

RFU.

More recent advances in DNA sequencing technologies allow us to not only reveal the

number of repeats, but also the underlying base-pair structure of each repeat. Next generation

sequencing (NGS) techniques therefore have the ability to reveal additional variation within

the STRs, leading to an increase in discriminating power [8]. Table 1 shows some examples of

length-based (LB) versus sequence-based (SB) allele callings that can be obtained through CE

methods and NGS methods, respectively. While alleles of the same length will be recorded

as matching using standard CE-based methods, even if they differ at the sequence level, NGS

techniques are able to distinguish these so-called isoalleles [60]. An additional advantage of

NGS, also called massively parallel sequencing (MPS), is that such platforms are capable

of simultaneously producing data on a combination of different marker systems, including

autosomal STRs, Y-chromosome STRs, X-chromosome STRs, and several single nucleotide

polymorphism (SNP) marker sets, depending on the primer mix used [6].

Locus Allele number Allele sequence

D3S1358 15 TCTA[TCTG]2[TCTA]12
D3S1358 15 TCTA[TCTG]3[TCTA]11
D18S51 20 [AGAA]20
D18S51 20 [AGAA]16GGAA[AGAA]3

Table 1: Examples of length-based (LB) versus sequence-based (SB) allele callings for two forensic
markers.

Because sequence profiles allow the determination of the number of repeat units, they offer

backward compatibility with CE-based STR profiles and the use of existing DNA databases

[60]. This is advantageous as STR analysis has been well established in the forensic com-

munity and the Combined DNA index System (CODIS) as maintained in the U.S. currently

contains over 20 million profiles1. However, CE-based and NGS-based methods differ in their

underlying technique, such that existing models for DNA evidence evaluations need to be

re-examined and adapted to facilitate sequence data.

1See the Federal Bureau of Investigation CODIS - NDIS Statistics for the most recent numbers:
https://www.fbi.gov/services/laboratory/biometric-analysis/codis/ndis-statistics (Accessed June
14, 2023).
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NGS considerations

Most commonly, NGS techniques separate PCR products into single stranded fragments that

are chemically attached to a slide [41, 6]. Instead of using primers tagged with fluorescent

dye, fluorescently labeled nucleotides are added, showing a different color for each of the four

different bases that can be observed via a laser. These nucleotides also have a terminator

modification that allows the addition of only one base at a time and the reading of its flu-

orescence to determine which nucleotide was inserted. In contrast to the CE method, this

technique allows for retrieving the STR motif at sequence level. NGS methods may reveal

variation in the STR repeat region as well as the flanking region adjacent to the repeat motif.

Flanking region SNPs (flSNPs) can be exploited by NGS techniques to increase the discrimi-

nation power of some STR loci even further [28]. Knowledge of such variants can be utilized

in primer design to ensure optimal positioning during the PCR process [55].

By far the biggest player in the field of sequencing instruments is Illumina, a platform that

characterizes itself through a wide range of instruments for short-read sequencing varying from

low to ultra-high throughput [41]. It is also suitable for paired-end reads, i.e. the amplification

of DNA template in two directions, such that a relatively long reading length can be reached.

NGS techniques produce sequence data in the form of discrete read counts as opposed to

continuous peak height data for CE-based methods. The number of sequence reads that

are generated during a DNA sequencing reaction depend on the platform and instrument.

As sequence reads are not distributed equally across a DNA target region, differences occur

in the number of reads that cover a particular base. The coverage, or depth of coverage

(DoC), refers to the average number of times a single base is read during a sequencing run

[41]. Literature suggests a minimum of 650 to 1000 reads per locus for forensic applications

[84, 40]. When using a 20 loci amplification kit, this amounts to 20 000 reads per sample

to obtain an average of 1000 reads per locus. Illumina’s ForenSeq DNA Signature Prep Kit

together with the MiSeq FGx platform are developed specifically for such forensic genomic

applications [42]. This is a form of targeted sequencing, which focuses on a subset of genes

or regions of interest instead of the entire genome [8].
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With the emergence of NGS profiling in forensic science, there is an increasing demand

for fast and efficient software packages suitable for high-throughput analysis. Several tools,

capable of translating raw data resulting from sequencing platforms into information suit-

able for further analysis, are now available for STR loci commonly used in forensic casework

[48]. At the same time, new statistical models need to be developed and implemented to

accommodate resulting sequence-based DNA profiles, with the ultimate goal to establish a

probabilistic genotyping approach for NGS mixture interpretation. Over the years, several

studies and projects, including international collaborative efforts, have been initiated to fa-

cilitate DNA evidence evaluations for forensic sequence profiles [31, 32, 57, 58].

DNA evidence interpretation

A DNA profile obtained from a crime scene sample can be compared to the profile of a

suspect or person of interest, and it may be found that this person cannot be excluded as

a contributor on the basis of DNA evidence alone. An ‘inclusion’ may be reported, but is

practically worthless without some expression on the strength of this evidence. Instead, the

evidence is evaluated in light of two or more competing hypotheses and a forensic scientist is

concerned with assigning a value to the likelihood ratio [24].

When applying likelihood ratios (LRs) to DNA profiles, the evidence generally consists of

the DNA types of the crime scene sample and the person of interest. Letting GC denote the

crime scene profile and GS the suspect profile we seek the following likelihood ratio, which

may also be written as

LR =
Pr(GC , GS |H1, I)

Pr(GC , GS |H2, I)
=

Pr(GC |GS , H1, I)

Pr(GC |GS , H2, I)
, (1)

where H1, H2 correspond to the competing hypotheses and I denotes the background infor-

mation, which is usually dropped for simplicity. For a good quality single-source sample, the

numerator of the LR evaluates to Pr(GC |GS , H1) = 1, assuming that H1 reflects the hypoth-

esis that the person of interest is the source of the crime scene sample and GC = GS , or in
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words, the crime scene profile and suspect profile match. The LR then simplifies to

LR =
1

Pr(GC |GS , H2)
(2)

The simplest alternative hypothesis H2 in this case is that some other person is the source

of the crime scene sample. If knowledge of the suspect’s DNA type does not affect our

uncertainty about the offender’s type when they are different people (i.e. when H2 is true),

then Pr(GC |GS , H2) = Pr(GC |H2) and the likelihood ratio becomes the reciprocal of the

profile probability of profile GC . In this case we try to answer the question what the probability

is that a person randomly chosen from a population will have the DNA type observed from

the crime scene sample. On the other hand, the conditional probability Pr(GC |GS , H2) is

the probability of seeing the profile in a randomly chosen person after we have already seen

that profile in a typed person (the suspect). This is the match probability. Confusingly, in a

forensic setting the term random match probability (RMP) usually refers to the unconditional

probability, i.e. the profile probability. Either way, a rich theory of population genetics is

available to evaluate such probabilities.

Population genetics

The profile probability is usually a little easier to think about, although difficult to answer in

practice. The current CODIS core set of autosomal STR markers consists of 20 loci and it is

very unlikely that a certain DNA profile will be seen in any sample of profiles. If we consider

a single autosomal STR locus with 10 alleles, there are 55 different genotypes, 10 homozygote

types and 45 heterozygote types, and it is quite likely that several of those will not be seen

in a sample of a few hundred individuals, even though all alleles are seen. A solution to

this problem is to assume that Hardy-Weinberg equilibrium (HWE) holds. This is a basic

principle in population genetics, described in 1908 by English mathematician Hardy and

German physician Weinberg. The Hardy-Weinberg law assumes infinitely large populations

and random mating, with no disturbing forces such as selection, mutation, or migration that

would change allele frequencies over time [24]. If the law holds, genotype frequencies are
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products of allele frequencies πu for alleles Au:

Pr(AuAu) = π2u

Pr(AuAv) = 2πuπv

Instead of having one single, simple population, the human population consists of a number

of subpopulations genetically different from each other. Allele and genotype proportions may

in this case be estimated for each subpopulation separately, or for the total population. When

allele proportions are different in the subpopulations, there will be a departure from HWE at

the population level, even if there is equilibrium in each subpopulation. This phenomenon is

known as the Wahlund effect and leads to departures of genotypic proportions from products

of allele proportions. [5, 24]

Although the profile probability is interesting, it is the match probability that is of rel-

evance in a forensic setting. This probability is bigger than the profile probability as the

chance of seeing a particular profile increases after it has been seen already. The match prob-

ability requires calculations about pairs of profiles and can be constructed using the sampling

formula [5]. If n alleles have been sampled in a subpopulation, of which m are of type Au,

then the probability that the next allele sampled is also of type Au can be written as

Pr(Au|m of Au in n) =
mθ + (1− θ)πu

1 + (n− 1)θ
,

where πu is the probability an allele is of type Au and θ is the probability of identity by

descent (ibd) for two alleles drawn randomly from a population. This formula can be derived

by assuming a Dirichlet distribution for the allele probabilities, or a beta distribution in case

of biallelic data. Although this holds for some simple populations, it is unlikely that the

Dirichlet assumption will be valid for STR loci. A step-wise mutation model would be more

appropriate, instead of the infinite-alleles mutation model assumed here, and mating and

migration patterns are generally more complex in practice [24]. Nevertheless, it gives a good

approximation and is simple to evaluate.

With the sampling formula, we can construct the Balding-Nichols match probabilities,
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which are now widely used in forensic applications [52]:

Pr(AuAu|AuAu) = Pr(Au|AuAu) Pr(Au|AuAuAu)

=
[3θ + (1− θ)πu][2θ + (1− θ)πu]

(1 + θ)(1 + 2θ)

Pr(AuAv|AuAv) = Pr(Au|AuAv) Pr(Av|AuAuAv) + Pr(Av|AuAv) Pr(Au|AuAvAv)

=
2[θ + (1− θ)πu][θ + (1− θ)πv]

(1 + θ)(1 + 2θ)
,

These expressions are also known as the “θ-correction” for autosomal profiles. The value of

θ is specific to the type of data used. For Y-STR data, for example, the match probability

of a haplotype Au is P (Au|Au) = [θ + (1 − θ)πu] and requires a multi-locus value of θ. In

addition, SNP markers as observed with NGS data will have different mutation rates and,

consequently, different θ values as well [78].

Since no two DNA profiles are truly independent, dependencies will affect match prob-

abilities within as well as across forensic markers. Between-locus associations are known as

linkage disequilibrium (LD) and loci are said to be linked if they are close together on a

chromosome. Analogously, loci are said to be unlinked if they are on different chromosomes,

or far apart on the same chromosome, which is generally the case for forensic (autosomal)

markers [24]. Nevertheless, LD may occur in both situations, as a result of phenomena such

as mutations, population structure and drift [20]. When calculating the statistical weight

of DNA evidence, appropriate correction factors need to be incorporated to account for the

effect of allele variations and dependencies within and between loci, as well as within and

between populations.

Research motivation

Accurate representation of forensic evidence in court is crucial to avoid misinterpretations

and, ultimately, to reduce the possibility of a miscarriage of justice. This not only requires

sensible models that can handle the complexity associated with DNA profiles, but also an

understanding of the methods used by forensic scientists who will be writing the reports and
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potentially serving as an expert witness in court.

As sequence data as well as the data-generating processes are different from traditional

typing methods, existing frameworks have become inadequate and need to be re-examined to

facilitate the implementation of NGS methods [57, 58]. In recent years, several studies have

reported NGS-based population genetic analyses and initial statistical models for phenomena

relevant to NGS data [33, 73]. However, the methods applied to population genetic estimates

in the most widely used forensic software tools are generally based on outdated models. In

addition, we do not know if forensic scientists feel equipped to interpret and present DNA

evidence obtained from sequencing methods.

In this dissertation, we focus on the impact of forensic sequence data on the evaluation of

DNA profiles and the parameters underlying statistical models. Moreover, specific attention

is given to the views and needs of forensic scientists concerning the (statistical) applications

of sequence data for forensic purposes. The intent of this research is not only to focus on

new theoretical analysis, but also to inform the forensic community in the move towards the

implementation of sequencing methods for DNA evidence evaluations. This research is funded

through NIJ’s Graduate Research Fellowship with award number 2020-R2-CX-0040.

Dissertation outline

This dissertation contains a collection of papers examining the statistical impact of forensic

sequence profiles and the perceptions of their use within the forensic science community. Since

each chapter is written as a stand-alone manuscript, some overlap between certain sections

can be expected. A brief summary of the chapters is given below.

Chapter 1 focuses on the estimation of population genetic parameters that are required

for DNA evidence evaluations. The first part of this chapter contains preliminary work

that provides estimates of population structure based on recent frameworks, comparing both

length-based and sequence-based results. The second part of the chapter expands this work by

providing estimates of population structure and relatedness for autosomal STR and identity-

informative SNP data generated by sequencing technologies. We also discuss the effect of

inbreeding on forensic calculations and why the use of genotypic-based estimates may be
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preferred over allelic-based estimates. The overall goal of this chapter is to characterize the

extent of dependencies within loci for sequence-based autosomal data.

Chapter 2 investigates the impact of sequence data on match probabilities for DNA evi-

dence evaluations. The overall goal of this chapter is to characterize the extent of dependencies

between loci for data generated by sequencing platforms. Here, we look at departures from

independence within marker systems for autosomal STRs, Y-STRs, and identity-informative

SNPs. We also look at dependencies between marker systems for the autosomal STRs and

identity-informative SNPs and demonstrate how a theta correction can account for multi-locus

dependencies. Finally, some attention is given to potential concerns regarding the practice

of adding more markers with the intention to increase the discriminating power of a DNA

profile.

Chapter 3 presents the results of a qualitative study involving sixteen U.S.-based forensic

scientist working with DNA evidence. The goal of this chapter is to get an in-depth under-

standing of the current situation by assessing if this group of professionals feels equipped to

interpret and present DNA evidence for sequence data. Here, we provide insight into the

perceptions of forensic scientists in relation to statistical models, sequence data, and ethical

implications for DNA evidence evaluations.

We conclude by synthesizing the contributions of our research findings and suggesting

potential avenues for future work. We also provide some recommendations to be considered

in our journey towards an effective implementation of statistical methods for sequence data.
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Chapter 1

Population genetic parameter estimation for forensic DNA

sequence data

Preliminary work

This section was originally published as Sanne E. Aalbers, Michael J. Hipp, Scott R. Kennedy,

Bruce S. Weir. Analyzing population structure for forensic STR markers in next generation

sequencing data. Forensic Science International: Genetics 49 (2020).

Abstract

Match probabilities calculated during the evaluation of DNA evidence profiles rely on appro-

priate values of the population structure quantity θ. NGS-based methods will enhance forensic

identification and with the transformation to such methods comes the need to facilitate NGS-

based population genetics analysis. If NGS data are to be used for match probabilities there

needs to be a way to accommodate population structure, which requires values for θ for those

data. Such estimates have not been available. This study assesses population structure for

sequence-based data using a relatively new approach applied to STR data over 27 loci in five

different geographic groups. Matching proportions between individuals or groups are used

to obtain locus-specific θ estimates as well as estimates per geographic group and a global

measure. The results demonstrate similar effects of sequencing data on θ estimates compared

to what has been seen for CE-based results.
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Introduction

Forensic DNA interpretation is currently centered on the analysis of short tandem repeats

(STRs), relying on capillary electrophoresis (CE) to gain access to the allele types contained in

a DNA sample. To evaluate such DNA evidence profiles, match probabilities can be calculated

and these depend on appropriate values of the population structure quantity θ. It is common

in forensic DNA evidence evaluations to use values of 1% - 5% [10].

With the introduction of next generation sequencing (NGS) more discrimination is pro-

vided through the ability of this technique to reveal variation within the STR. STR analysis

has been well established in the forensic community so backward compatibility with CE-based

STR profiles is needed to allow the use of existing DNA databases [57]. As long as this is the

case, it is expected that NGS methods will continue to be implemented, stressing the need to

facilitate NGS-based population genetics analysis.

In recent years, studies have reported population statistics demonstrating the increase in

discrimination power by differentiating the nucleotide sequences of STR alleles with identical

size [29, 54, 33]. Such statistics include allele frequencies, observed and expected heterozygos-

ity, and tests for Hardy-Weinberg equilibrium and linkage disequilibrium. Freely accessible

tools like STRAF [36] and Arlequin [25] provide a whole range of statistics, including F -

statistics [82]. F -statistics, or more specifically values for FST , written here as θ, for NGS

data, are required if sequence data are to be used for match probabilities. However, as with

most published estimates of θ, F -statistics from these tools are produced using the Weir and

Cockerham estimator [79] and a less restrictive estimator is recommended nowadays. This

updated framework is detailed in Weir and Goudet [80] and applied to CE-based STR data

in [10].

The Scientific Working Group on DNA Analysis Methods (SWGDAM) reported in an

addendum from April, 2019, that “Currently, guidance does not exist regarding θ values for

sequence-based data; therefore the existing NRC II guidance should be followed (NRC II 4.4a,

where typically θ = 0.01 for most U.S. groups or 0.03 for some isolated populations).” [60].

This paper addresses this gap.
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Materials and methods

Estimation of θ

The parameter θ is needed for the Balding-Nichols [5] expressions for match probabilities.

The probability an untyped person has homozygous genotype AA when a different person in

the same population has been found to have the same type, for example, is

Pr(AA|AA) =
[3θ + (1− θ)πA][2θ + (1− θ)πA]

(1 + θ)(1 + 2θ)
(1.1)

Here θ is specific to the population to which the two people belong and πA is the probability

an allele is of type A. Equation 1.1 can be used to assign a probability for an unknown

perpetrator having the evidence profile AA after a suspect has been found to have that type.

The motivation for Equation 1.1 is that alleles within a population may have some de-

pendencies because of shared evolutionary history. These dependencies will be small in pop-

ulations with large population sizes and long histories, such as an African population, where

mutation has had many opportunities to reduce the equality of different alleles. Allelic de-

pendencies will be great in populations with small population sizes and few founders, such as

Native American populations, where many alleles have the same ancestral allele type. The

dependence of alleles in the same population is described by θ, the probability of two alleles

taken randomly from a population are identical by descent (ibd), meaning that they are both

copies of the same allele in an ancestral reference population. Larger θ values increase the

probability of a person’s genotype once that genotype has already been seen.

There are two problems with implementing Equation 1.1: neither θ nor πA is known. It

is not generally possible to specify the relevant population for a particular situation, so that

population cannot be sampled to directly observe the proportion of pairs of individuals with

the same genotype, or estimate matching probabilities from the equation. Instead, use is

made of databases representing many populations, generally for a single continental ancestry.

A single database by itself, however, does not provide information about the variance in allele

frequencies among populations so that it does not indicate how different allele frequencies

may be among populations.
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The sample frequencies p̃A for alleles A in a large database are good estimates of the

probabilities πA for the populations represented in the database but there is a variance of

p̃A around πA. In Appendix A we show that Var(p̃A) = πA(1 − πA)θB, where θB is an

average of the probabilities of two alleles, one from each of two populations represented by

the database, being ibd. This means that if p̃A is used instead of πA in Equation 1.1, then

the expression is estimating something that depends on θB. Buckleton et al. [10] offered a

work-around to this problem, by introducing the average θW of population-specific θ values

and using β = (θW − θB)/(1 − θB) instead of θ in Equation 1.1 when p̃A is used instead of

πA. The parameter β is the probability of two alleles in one population are ibd, relative to

the probability of alleles in different populations are ibd. There is no need to specify the

ancestral reference population implicit in the definition of ibd, and there is no requirement

that β is positive. It was estimates of β that were given by Buckleton et al. [10], and are

given here for NGS data.

Buckleton et al. [10] adopted two sampling frameworks: global and single continental

ancestry. In the second case, a set of populations with similar ancestry, such as “European”,

was used to estimate θ for that ancestry with the thought that it would provide guidance

to a forensic analyst who wished to use allele frequencies from their own European ancestry

database to estimate match probabilities with Equation 1.1. The other framework used data

from all available ancestries, and that is the framework we use here as we had limited data

within each ancestral group.

A formal justification for the Buckleton et al. [10] procedure for implementing Equation 1.1

is difficult to give, but a related situation is quite straightforward. The probability two alleles

taken randomly from a random-mating population are both of type A is

Pr(AA) = θπA + (1− θ)π2A

If this equation is averaged over a set of populations, then θ is replaced by its average, θW ,

over populations and πA is not changed as this probability is assumed to hold for all the

populations. If πA is replaced by a database frequency p̃A, then an unbiased estimator of the
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average Pr(AA) is

P̂r(AA) = βp̃A + (1− β)p̃2A

This expression follows from the expresion above for the variance of p̃A and it applies as an

average for any population represented by the database, provided the database is large.

Estimation of β can be based on allele counts from a set of at least two populations, as

implied in the discussion of the variation of allele frequencies p̃ about the probabilities π, or

it can be based on genotype counts to allow for departures from Hardy-Weinberg equilibrium

(HWE) in sample data. For allelic data, the estimates are written as β̂WT and are functions of

sample proportions M̃ of pairs of alleles that match, corresponding to probabilities of identity

by descent θ. Starting with allele counts niu of allele Au sampled from population i, the

within-population sample matching proportion is M̃ i
W =

∑
u niu(niu − 1)/[ni(ni − 1)], where

ni =
∑

u niu. For populations i and i′, the between-population sample matching proportions

are M̃ ii′
B =

∑
u niuni′u/(nini′). For sets of r populations, averaging over populations of within-

population allele matching proportions gives M̃W =
∑

i M̃
i
W /r, and the average over pairs of

populations of between-population matching proportions M̃B =
∑

i 6=i′ M̃
ii′
B /[r(r − 1)].

Population-specific θ measures for allelic data can then be estimated relative to allele

matching proportions between populations as β̂iWT = (M̃ i
W − M̃B)/(1 − M̃B). An overall

estimate for allelic data is obtained as β̂WT = (M̃W − M̃B)/(1 − M̃B). These are locus-

specific estimates, which are expected to vary among loci. The average β estimates over

loci are calculated as the ratio of averages of numerators and denominators rather than the

average of ratios, with the former leading to smaller variances. The reader is referred to

[10, 80] for a more detailed discussion on this approach. The overall β estimates are used in

Equation 1.1.

Equivalent genotypic expressions define within-population sample matching between in-

dividuals j and j′ in population i as M̃ i
jj′ =

∑
uX

i
juX

i
j′u/4, where Xju denotes the dosage,

i.e. number of copies, of allele u for individual j. The average between-individual matching

in a sample of Ni individuals from population i M̃ i
S =

∑
j 6=j′ M̃

i
jj′/[Ni(Ni − 1)] can then be
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averaged over populations to get M̃S =
∑

i M̃
i
S/r. Similarly, matching between individual j

from population i and individual j′ from population i′ M̃ ii′
jj′ =

∑
uX

i
juX

i′
j′u/4 leads to aver-

age between-population sample matching proportions M̃ ii′
B =

∑
j 6=j′ M̃

ii′
jj′/(NiNi′). Averaging

over pairs of populations yields M̃B =
∑

i 6=i′ M̃
ii′
B /[r(r − 1)].

Population-specific θ values for genotypic data are given by β̂iST = (M̃ i
S−M̃B)/(1−M̃B),

with an overall estimate of β̂ST = (M̃S − M̃B)/(1 − M̃B) per locus. Taking the ratio of

averages of numerator and denominator over these locus-specific estimates again yields an

average β estimate. Such genotype-based estimates allow for for departures from HWE in

the data, although we note that HWE is assumed in Equation 1.

Software to perform these allele-based estimates is simple to prepare as it requires only

the number of copies of each allele in each population. More detail was given by Weir and

Goudet [80]. There are some good packages now available, including SNPRelate [87] and

hierFstat [35].

Data

DNA from 350 individuals, over five geographic groups, included in the 1000 Genomes

Project Phase 3 (http://www.1000genomes.org) were obtained from the Coriell Institute

for Medical Research (Camden, New Jersey, USA) and sequenced using Illumina’s MiSeq

FGxTM and ForenSeqTM DNA Signature Prep Kit. Genotype calls were obtained through

their Universal Analysis Software (UAS) over 27 autosomal loci for both the length-based

(LB) allele callings, equivalent to CE, as well as the sequence-based (SB) allele callings. The

geographic groups being distinguished are: African (AFR), admixed American (AMR), East

Asian (EAS), European (EUR), and South Asian (SAS) groups.

Out of the 9,450 genotype calls (350 individuals over 27 STR markers) 7,485 are classified

as heterozygotes, 1,772 as homozygotes and the remaining types contain either drop-ins or

complete locus drop-outs and are excluded from further analysis. The 7,485 heterozygous

types can be distinguished further into isoalleles, showing variation only in the STR repeat

region, corresponding to homozygous in the CE case, and alleles of different length. In

addition, some flanking region variation can be observed as the UAS incorporates a small

amount of sequence variation in these regions for a subset of the markers [19].
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Results

Sequence variation

Table 1.1 displays the number of individuals per geographic group and the observed num-

ber of unique alleles obtained by length compared to STR sequence after genotype calling. As

expected, more variation has been observed for larger sample sizes and sequence-based allele

callings as compared to length-based allele callings. Overall, 316 unique length-based alleles

have been observed and the amount increases to 593 for sequence-based alleles, indicating

differences in allele frequencies over the geographic groups.

# Alleles

Group Sample size LB SB Increase

African 88 260 408 57%
American 75 239 337 41%
East Asian 74 234 331 41%
European 58 228 318 40%
South Asian 55 225 317 41%

Table 1.1: Number of individuals per geographic group together with observed number of length-
based (LB) alleles and sequence-based (SB) alleles over the set of 27 markers.

The first four columns of Table 1.2 show the number of unique alleles obtained by length

compared to STR sequence per locus combined over all individuals, sorted based on the

increase in number of alleles. Similarities can be seen between our results and the obser-

vations reported by Gettings et al. [29]. An overview of all unique sequences per locus is

presented in Supplemental Table 1, together with their corresponding frequencies overall and

per geographic group within the data set.

Locus-specific θ

We regard the data we generated from the 1000 Genomes samples as a database. The

data are from five groups, the five identified continental ancestry designators. All estimates

based on genotypic data are depicted graphically in Figure 1.1 and locus-specific estimates,

obtained as an unweighted average over geographic groups, are displayed in Table 1.2. It can

be seen that there is a considerable variation of estimates over loci and length-based versus

sequence-based estimates may increase, decrease, or stay the same. The latter happens when
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loci show no additional sequence variation, as is the case for locus D20S482 and TPOX.

# Alleles β̂ST

Locus LB SB Difference LB SB

D21S11 17 65 +48 0.0259 0.0383
D12S391 17 64 +47 0.0074 0.0064
D2S1338 13 50 +37 0.0148 0.0149
vWA 10 30 +20 0.0228 0.0260
D1S1656 18 34 +16 0.0174 0.0146
D3S1358 10 25 +15 0.0081 0.0399
D8S1179 11 25 +14 0.0153 0.0209
D13S317 7 19 +12 0.0404 0.0421
D9S1122 9 19 +10 0.0063 0.0130
D2S441 10 19 +9 0.0426 0.0368
D5S818 8 16 +8 0.0396 0.0250
D18S51 13 20 +7 0.0145 0.0141
FGA 22 28 +6 0.0049 0.0046
D19S433 15 19 +4 0.0091 0.0091
D6S1043 19 23 +4 0.0380 0.0377
PentaE 21 25 +4 0.0207 0.0210
CSF1PO 9 12 +3 0.0016 0.0019
D16S539 9 12 +3 0.0224 0.0213
D4S2408 6 9 +3 0.0787 0.0724
D7S820 9 11 +2 0.0199 0.0195
D10S1248 8 9 +1 0.0131 0.0133
D17S1301 8 9 +1 0.0102 0.0101
D22S1045 9 10 +1 0.0524 0.0515
PentaD 14 15 +1 0.0286 0.0288
TH01 7 8 +1 0.0642 0.0640
D20S482 9 9 0 0.0059 0.0059
TPOX 8 8 0 0.0402 0.0402

All 0.0245 0.0257

Table 1.2: Number of unique alleles obtained by length compared to sequence for N = 350 individuals
for 27 autosomal markers, as well as locus-specific global β estimates based on length-based (LB)
genotypic data and sequence-based (SB) genotypic data.

Locus D21S11 shows the highest increase in number of alleles, from 17 different LB alleles

to 65 different SB alleles, as well as an increase in the β estimate from 0.0259 to 0.0383. This

happens since the extra variation leads to relatively less matching between groups as compared

to within groups. From a population genetics perspective, this may occur when populations

or groups share the same length-based allele, but the underlying nucleotide sequences differ. If

no additional sequence variation is observed within a group, within-group matching is higher

for sequence-based genotypic data relative to the global group, leading to higher β estimates
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for such groups.

An increase in the observed number of alleles does not necessarily translate to an increase

in the β estimates, as can be seen for locus D1S1656. In this case, the extra variation leads

to relatively less matching within a group as compared to between. This may happen in a

situation where an allele originally unique to a group shows additional sequence variation.

The heterozygosity within the group increases more than the overall heterozygosity, yielding

smaller estimates.

Figure 1.1: β estimates per geographic group (African (AFR), admixed American (AMR), East
Asian (EAS), European (EUR), South Asian (SAS)) and locus using length-based (LB) and sequence-
based (SB) genotypic data over 27 autosomal STR loci. LB estimates are connected with a solid line,
while SB estimates are connected with a dotted line.

Geographic-group-specific θ

Estimated matching proportions based on length-based genotype matching yield an aver-

age within-group matching, averaged over groups and loci, of M̃S = 0.2165, while the average

between-group matching is M̃B = 0.1968, yielding an overall estimate of β̂ST = 0.0245.

Group-specific estimates range from 0.0035 for the African group to 0.0347 for the Ameri-

can group (Table 1.3). An advantage of having population- or group-specific estimates is that

the variation among the estimates reflects differences among θ values, which can be regarded

as a signature of different evolutionary histories, such as age and population size. Such effects
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are not possible when using the Weir & Cockerham model, as it is assumed there that the

populations have equal evolutionary histories [80].

β̂ST

Group LB SB

African 0.0035 −0.0016
American 0.0347 0.0312
East Asian 0.0239 0.0332
European 0.0302 0.0327
South Asian 0.0302 0.0327

All 0.0245 0.0257

Table 1.3: β estimates per geographic group using length-based (LB) and sequence-based (SB)
genotype counts.

Our length-based results can be compared to those in the worldwide survey by Buckleton

et al. [10] and show concordance, for example, in showing the smallest values for Africa as

compared to the rest of the world, as expected from our understanding of higher genetic

diversity within those older populations pre-dating the migration of modern humans out

of Africa. In addition, the largest values are for the American group, and the Asian and

European values are lying between the African and American values.

Matching proportions based on sequence-based genotypes show somewhat lower values of

M̃S = 0.1878 and M̃B = 0.1664 due to the increase in the number of observed types as a

result of the additional variation. The global estimate is in this case β̂ST = 0.0257, which is

an increase from the length-based estimate, albeit small. Not all geographic groups show an

increase in the estimated values. For the African group, the average within-group matching

proportion is now M̃S = 0.1651. Relative to the between-group matching M̃B = 0.1664

individuals in the African group are less similar to each other, leading to a negative β for

the African group with all geographic groups as reference set. For both sequence-based as

well as length-based results, the “θ-correction” has little effect when applied to the African

group. The estimate for the admixed American group has decreased as well, while the Asian

and European groups all show an increase in the estimate with values now larger than the

American geographic group.

To check the impact of these differences 95% confidence intervals were obtained based on
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bootstrapping over loci. The Balding-Nichols formulation refers to profile matching caused

by evolutionary processes in previous generations. It reflects what Weir [75] referred to as

“genetic sampling.” The formulation also has an implicit recognition of variation of allele

frequencies among replicates of these evolutionary histories: the only information generally

available about these replicates is provided by multiple loci typed on the same individuals and

this led Weir [75] to explain why properties of β estimates are obtained by bootstrapping over

loci, rather than over individuals. This latter procedure would accommodate the “statistical

sampling” of drawing individuals from the same population, but would provide no information

about genetic sampling variation. Figure 1.2 demonstrates a great deal of overlap for all

intervals and this also holds for the global β estimates (not shown). Overall, comparing

the interval for length-based results (0.0179, 0.0315) with the sequence-based results (0.0191,

0.0329) suggests that the usual recommended value of around 3% is appropriate for DNA

evaluations based on NGS data. A value of 5% is expected to yield conservative results for

each system.

Figure 1.2: Group-specific β estimates for length-based (LB) and sequence-based (SB) genotypic
data together with 95% confidence intervals obtained by bootstrapping over loci.
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Discussion and conclusion

We presented here an analysis of forensic STR markers to give guidance on θ values for

sequence-based data. Since we have access to genotype data, all results have been obtained

using genotypic matching proportions. Allelic data may be used if there is Hardy-Weinberg

equilibrium within the samples from populations, and results when applying the framework

to this type of data (not shown) are almost indistinguishable from the results as presented

here.

Although locus-specific estimates are interesting, we recommend averaging θ estimates

over loci to reduce the bias and variance of ratio estimators. The values using all loci as shown

in the last row of Table 1.2 should be used as a global estimate for θ in match probabilities.

If no assumption is made on the ancestry of the true source of the DNA evidence, results

may be reported for each of the different groups using group-specific estimates as displayed

in Table 1.3. It is important to note that these estimates per geographic group do not reflect

substructure within those groups and they are intended to be used in conjunction with global

allele frequencies.

NGS-based methods will enhance forensic identification and since such data are subject to

population structure, the impact on θ, a measure integral to DNA evidence evaluations, should

be checked. This study gives guidance as to what values are appropriate for the population

structure quantity used in match probability calculations for sequence-based data. If match

probabilities are wanted for use with a single-ancestry database, a study parallel to this one

would be needed with data from several populations within that ancestry group.

Although the data used in this study are limited as compared to other studies and an

analysis has been performed only on a geographic basis, results for length-based data show

patterns concordant with CE-based results. Availability of sequencing data is expected to

increase in the upcoming years, so it is recommended to replicate this study more thoroughly.

As NGS-based data better reflect the true variation among individuals, population structure

estimates based on such data will be more accurate. So far, our results show similar effects

of sequencing data on θ estimates as what has been seen for CE-based data.
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Appendix A: Variance of sample allele frequencies

If a database has ni alleles from population i and if xijA is 1 when allele j from population i

is of type A, and is 0 otherwise:

p̃iA =
1

ni

ni∑
j=1

xijA

p̃2iA =
1

n2i


ni∑
j=1

x2ijA +

ni∑
j=1

ni∑
j′=1

j 6=j′

xijAxij′A


If each population i is in Hardy-Weinberg equilibrium, then the expectation of p̃2iA from Weir

and Goudet [80] is

E(p̃2iA) =
1

n2i


ni∑
j=1

πA +

ni∑
j=1

ni∑
j′=1

j 6=j′

[
π2A + πA(1− πA)θi

]


= π2A + πA(1− πA)

(
θi +

1− θi
ni

)
Var(p̃iA) = πA(1− πA)

(
θi +

1− θi
ni

)

where θi applies to any pair of distinct alleles from population i.

For allele frequencies from two populations:

p̃iAp̃i′A =

 1

ni

ni∑
j=1

xijA

 1

ni′

ni′∑
j′=1

xi′j′A


E(p̃iAp̃i′A) =

1

nini′

ni∑
j=1

ni′∑
j′=1

[
π2A + πA(1− πA)θii′

]
= π2A + πA(1− πA)θii′

Cov(p̃iA, p̃i′A) = πA(1− πA)θii′

where θii′ applies to any pair of distinct alleles, one from population i and one from population

i′.
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To combine information over the r populations contributing to a database, for sample

allele frequencies and for ibd measures, population i receives a weight wi:

p̃A =
1

(
∑r

i=1wi)

r∑
i=1

wip̃i overall average

θW =
1

(
∑r

i=1wi)

r∑
i=1

wiθi within population average

θB =
1

(
∑r

i=1

∑r
i′=1,i 6=i′ wiwi′)

r∑
i=1

r∑
i′=1

i 6=i′

wiwi′θii′ between population average

An “unweighted” analysis sets wi = 1 and it allows each population to contribute equally

to ibd averages as may be important when the θi are different. A “weighted” analysis sets

wi = ni so that populations with more alleles in the database contribute more to average ibd

measures. This is the weighting scheme used when the database allele frequencies are simply

the proportions of each allele in the whole database but frequencies for the contributing

populations are not available.

The variance of the sample allele frequencies, for all weighting schemes, is

Var(p̃A) =
1

(
∑r

i=1wi)2

 r∑
i=1

w2
i Var(p̃iA) +

r∑
i=1

r∑
i=1

i 6=i′

wiwi′Cov(p̃iA, p̃i′A)


= πA(1− πA)

θB +

∑r
i=1w

2
i (θi − θB)

(
∑r

i=1wi)2
+

∑r
i=1

w2
i

ni
(1− θi)

(
∑r

i=1wi)


The weighted and unweighted weighting schemes are the same when each population has the

same number n of alleles in the database:

Var(p̃A) = πA(1− πA)

(
θB +

θW − θB
r

+
1− θW
nr

)

but for both schemes, when the database is large and it contains alleles from many populations,

Var(p̃A) ≈ πA(1− πA)θB.
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Appendix B: Supplementary data

Supplementary material related to this article can be found online at https://doi.org/10.

1016/j.fsigen.2020.102364.
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Sequence-based population structure, relatedness, and inbreed-

ing estimates for forensic autosomal markers

This section is based on Sanne E. Aalbers, Bruce S. Weir. Sequence-based population structure,

relatedness, and inbreeding estimates for forensic autosomal markers. (2023). Manuscript in

preparation.

Abstract

Population data have become available for sequence data to aid forensic investigations and

prepare the forensic community in the move towards implementing NGS methods. This comes

with a need for updated population genetic parameter estimates to allow DNA evidence evalu-

ations using sequence data. Initial work has been done on a small sample and here we expand

this work by providing estimates of population structure and relatedness for autosomal STR

and identity-informative SNP data generated by sequencing technologies. We also discuss

the effect of inbreeding on forensic calculations and discuss why the use of genotypic-based

estimates may be preferred over allelic-based estimates.

Introduction

When a DNA profile obtained from a crime scene sample is found to match the profile of a

suspect, we wish to express the strength of this evidence. Since autosomal profiles consist of

pairs of alleles over several loci, the simplest approach to estimating a DNA profile probability

is by taking the product of the individual allele probabilities and multiplying over loci. The

problem with this approach is that DNA profiles are not independent, even for unrelated

people. If the suspect and donor of the crime scene profile are unrelated members of a large

random-mating population, the dependencies are expected to be small. Dependencies will be

greater for two members of a small and/or relatively isolated population. At single loci, the

allelic independence assumption can be avoided by expressions that allow for the effects of

population structure.

Wright’s F -statistics as described in 1951 consist of three related parameters used to
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describe population structure on different levels [82]. The total inbreeding coefficient FIT

measures the probability of identity by descent (ibd) within individuals in a subpopulation

compared to ibd between individuals in the total population. Within subpopulations, local

inbreeding is referred to as FIS and describes the probability of ibd within individuals in

a subpopulation compared to ibd between individual but within the same subpopulation.

Finally, FST measures the probability of ibd between individuals within a subpopulation

relative to ibd between individuals from different subpopulations. The F -statistics satisfy the

relationship (1−FIT ) = (1−FST )(1−FIS), which demonstrates that there exists inbreeding

in the total population even in the absence of local inbreeding. In this case, FIS = 0 and

FST = FIT , which holds for large, random-mating populations.

In a forensic setting, we may be interested in allelic and genotypic frequencies in a par-

ticular subpopulation that may not be available for study, leading to uncertainty about the

frequencies. The use of overall sample frequencies may be prejudicial if those frequencies are

underestimating those of the relevant population. The Balding-Nichols expressions [5] allow

for variation in allele frequencies between subpopulations by invoking a θ value, which mea-

sures the relatedness within subpopulations relative to the whole population and is equivalent

to Wright’s FST . While this approach allows for deviations from Hardy-Weinberg equilibrium

(HWE) in the total population, it does assume HWE holds within subpopulations. The con-

sequence is that the use of population-wide frequencies leads to expectations that depend on

the total inbreeding FIT . If the difference between FIT and FST is small, then FIT can be

approximated by FST . We can check this assumption by verifying that FIS = 0 if we have

genotypic data available for the subpopulations [76].

In practice, the human population consists of a number of subpopulations that are genet-

ically different from each other. Because the populations are finite, any two individuals will

show some level of relatedness, meaning that there will be low levels of inbreeding. Alleles

within (and between) loci will thus show dependencies and it would be of interest to quantify

the extent of departure from independence. This is especially timely in light of the transfor-

mation of current approaches to the incorporation of sequence data. In this paper we focus

on characterizing the extent of dependencies within loci for sequence-based autosomal data.
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Methods

Data

Our data consist of a combination of samples obtained from two different studies that have

been described previously [2, 33]. The first data set contains genotype calls for 350 individuals

of the 1000 Genomes Project (1000GP) Phase 3 (http://www.1000genomes.org) over five

geographic groups [2], typed for 27 autosomal short tandem repeat (aSTR) markers and 94

identity-informative single nucleotide polymorphisms (iiSNPs). The second data set includes

individual-specific genotype data from the NIST 1036 data set containing samples over four

U.S. populations [33] for the same set of 27 aSTRs. Both data sets were generated using

a MiSeq FGx instrument with the ForenSeq DNA Signature Prep Kit. Genotype calls for

STR data were restricted to the regions as reported in the sample level reports of Illumina’s

Universal Analysis Software.

Estimation of population structure, relatedness, and inbreeding

We obtain estimates of population structure and relatedness according to the framework

outlined in Weir and Goudet [80]. In brief, genotype-based matching proportions within and

between individuals are calculated as expressions of allele dosages Xi
ju, i.e., the number of

copies of allele u for individual j in group i: M̃ i
j = 1

2

∑
uX

i
ju(Xi

ju−1), M̃ i
jj′ = 1

4

∑
uX

i
juX

i
j′u,

and M̃ ii′
jj′ = 1

4

∑
uX

i
juX

i′
j′u. Averaging over individuals or pairs of individuals within a group

i of size ni leads to average group-specific within-individual matching proportions M̃ i
I =∑

j M̃
i
j/ni and average between-individual matching proportions M̃ i

S =
∑

j 6=j′ M̃
i
jj′/[ni(ni −

1)]. Matching proportions between groups are obtained by averaging over pairs of individuals

from different groups: M̃ ii′
B =

∑
j 6=j′ M̃

ii′
jj′/(nin

′
i). Averaging over a total of r groups or r(r−1)

pairs of groups yields overall matching proportions M̃I =
∑

i M̃
i
I/r, M̃S =

∑
i M̃

i
S/r, M̃B =∑

i 6=i′ M̃
ii′
B /[r(r − 1)]. Individual inbreeding and pairwise kinship coefficients are estimated

relative to the total set:

β̂ij =
M̃ i

j − M̃B

1− M̃B

, β̂ijj′ =
M̃ i

jj′ − M̃B

1− M̃B
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Group-specific and overall inbreeding and coancestry coefficients are estimated as follows:

β̂iIS =
M̃ i

I − M̃ i
S

1− M̃ i
S

, β̂IS =
M̃I − M̃S

1− M̃S

, β̂iIT =
M̃ i

I − M̃B

1− M̃B

, β̂IT =
M̃I − M̃B

1− M̃B

,

β̂iST =
M̃ i

S − M̃B

1− M̃B

, β̂ST =
M̃S − M̃B

1− M̃B

The estimates β̂IS , β̂IT , and β̂ST are commonly written as FIS , FIT and FST , respectively,

and reflect Wright’s F -statistics [82].

If genotypic data are not available, equivalent expressions can be used to obtain estimates

based on sample allele frequencies. Within-group matching proportions are then written as

M̃ i
W = 2ni[

∑
u p̃

2
iu − 1/(2ni)]/(2ni − 1), where p̃iu =

∑ni
j=1X

i
ju/(2ni) is the sample allele

frequency of group i. Note that between-group matching yields the same result regardless

of using genotype data or sample allele frequencies: M̃ ii′
B =

∑
j 6=j′ M̃

ii′
jj′/(nini′) =

∑
u p̃iup̃i′u.

Estimates for FST are then written as:

β̂iWT =
M̃ i

W − M̃B

1− M̃B

, β̂WT =
M̃W − M̃B

1− M̃B

,

where M̃W =
∑

i M̃
i
W /r.

Matching proportions within and between each pair of groups can be used to cluster groups

based on their pairwise genetic distances. For two groups i and i′, the average within-group

matching proportion M̃ ii′
S = [M̃ i

S + M̃ i′
S ]/2, can be compared to the between-group matching

proportion M̃ ii′
B , to obtain pairwise genetic distances for each pair of groups:

β̂ii
′

=
M̃ ii′

S − M̃ ii′
B

1− M̃ ii′
B

Groups can then be clustered on the basis of the genetic distances between them. Here, we

use the UPGMA (unweighted pair group method with arithmetic mean) method, which is a

simple algorithm that employs a bottom-up approach by clustering the closest pair of groups.

At each step, the distance matrix is updated by taking the average of the remaining groups

to the new cluster to construct a hierarchical tree.
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Estimates are combined over markers by taking the ratio of averages of numerators and

denominators rather than the average of the ratios. In other words, if locus-specific estimates

β̂l are written as Nl/Dl, the “ratio of averages” is calculated as
∑

l wlβ̂l/
∑

l wl by setting

wl = Dl. This weighted approach was advocated by Weir and Cockerham and performs better

than using an unweighted approach wl = 1 [80, 79]. While the variance of the estimates will

be reduced by this approach, we still expect significant variation as a result of genetic as

well as statistical sampling even with the use of 27 loci [81]. To accommodate this, we can

generate confidence intervals for our estimates by bootstrapping over markers.

All calculations and figures in this paper were obtained through the statistical software

program R (version 4.0.2).

Results

Data summary

Table 1.4 gives a summary of the total data set of N = 1386 individuals, with the nine

different subgroups organized into five main genetic-analysis groups. The combined data set

shows a total of 393 different length-based (LB) alleles over all 27 autosomal STR markers.

When designating alleles by sequence, the total number increases to 849, which is a 116%

increase. The most gain, when changing from length-based to sequence-based genotyping, is

seen for genetic-analysis group 1, presumably due to a combination of group size and diversity

of the underlying subgroups. Figure 1.3 shows a dendrogram clustering of the nine subgroups

based on pairwise genetic distances using the UPGMA method. Based on these results, the

subgroups have been categorized into five main genetic-analysis groups. The NIST-Caucasian

(Cauc) and 1000GP-European (EUR) subgroups are most closely clustered with a genetic

distance of -0.0009, followed by the NIST-African American (AfAm) and 1000GP-African

(AFR) subgroups with a distance of 0.0007. The NIST-Asian (Asian) and 1000GP-East

Asian (EAS) subgroups are grouped together based on a relatively short genetic distance of

0.0012. The NIST-Hispanic (Hisp) and 1000GP-admixed American (AMR) subgroups show

clear similarities as well with a distance of 0.0021. Finally, as the 1000GP-South Asian (SAS)

groups seems separate from other populations in terms of genetic distance, we treat this
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subgroup as its own genetic-analysis group.

There are alternative ways to categorize worldwide population structure, and other meth-

ods have been used in the past [69]. The results in this paper are reported on the basis of the

five genetic-analysis groups. We recognize that additional structure exists within the 1000GP

data due to variation between regional groups. Since our data set is too small to address this

variation, we restrict to providing estimates per subgroup in the supplementary material.

Group Subgroup n # Alleles - LB # Alleles - SB

1 430 335 628
NIST – African American 342
1000GP – African 88

2 311 309 519
NIST – Hispanic 236
1000GP – admixed American 75

3 171 267 399
NIST – Asian 97
1000GP – East Asian 74

4 419 299 500
NIST – Caucasian 361
1000GP – European 58

5 55 225 317
1000GP – South Asian 55

Overall 1386 393 849

Table 1.4: Number of individuals (n) per genetic-analysis group and subgroup together with observed
number of length-based (LB) and sequence-based (SB) alleles over 27 autosomal STR markers. Data
come from either the NIST 1036 set (NIST) or a set of 350 individuals of the 1000 Genomes Project
(1000GP).

Locus-specific estimates for aSTRs

Table 1.5 shows the number of unique alleles per locus for both length-based and sequence-

based allele callings, respectively, ordered by increase in the number of alleles between the

two systems, together with locus-specific β estimates. Table 1.6 shows the average matching

proportions per data type along with the overall β estimates. The increase in polymorphism

observed in sequence data implies that matching proportions will decrease. Within-group

matching decreased from 0.2124 for length-based data to 0.1843 for sequence-based data.

The matching proportions between genetic-analysis groups decreased from 0.1962 to 0.1664,

respectively. The effect on the β estimates is less predictable and there exists considerable
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Figure 1.3: Dendrogram clustering of pairwise genetic distances between nine subgroups using the
UPGMA method.

variation over loci, as also observed in Aalbers et al. [2]. Estimates may increase or decrease

(or stay the same if no sequence variation is observed), depending on where the extra variation

occurs (see Appendix A for a more thorough discussion of the theoretical impact of sequence

data on the β estimates).

Overall, all relative inbreeding and coancestry estimates are similar between the two data

types. Average matching within individuals (0.2172 and 0.1879 for length-based and sequence-

based data, respectively) is higher than, but relatively close to, between individual matching

within groups, which is consistent with observations from Thompson [70]. While average

within-group inbreeding estimates are small, they cannot readily assumed to be zero (see also

Figure 1.4). Average inbreeding relative to the whole data set is estimated around 2.6%.

The coancestry estimates β̂ST are estimated around 2.0−2.2%. Locus-specific estimates per

subgroup are available in Supplementary Tables 1.9−1.14.
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# Alleles β̂IS β̂IT β̂ST

Locus LB SB Difference LB SB LB SB LB SB

D21S11 27 116 89 0.0238 0.0263 0.0438 0.0518 0.0204 0.0262
D12S391 24 95 71 -0.0152 -0.0143 -0.0062 -0.0061 0.0089 0.0081
D2S1338 13 71 58 0.0095 0.0028 0.0233 0.0157 0.0140 0.0129
vWA 12 40 28 0.0111 0.0042 0.0257 0.0206 0.0147 0.0164
D3S1358 11 35 24 0.0367 0.0167 0.0433 0.0430 0.0069 0.0268
D8S1179 11 35 24 -0.0017 -0.0045 0.0111 0.0125 0.0128 0.0169
D13S317 8 31 23 0.0160 0.0151 0.0451 0.0504 0.0296 0.0358
D1S1656 18 38 20 0.0036 0.0074 0.0224 0.0247 0.0188 0.0174
FGA 28 43 15 -0.0005 -0.0003 0.0038 0.0038 0.0043 0.0041
D18S51 22 34 12 -0.0022 -0.0023 0.0127 0.0127 0.0148 0.0149
D6S1043 29 41 12 -0.0128 -0.0122 0.0075 0.0082 0.0200 0.0202
D9S1122 11 23 12 0.0074 0.0047 0.0098 0.0130 0.0024 0.0083
D5S818 9 20 11 0.0157 0.0105 0.0417 0.0280 0.0264 0.0176
D19S433 16 26 10 -0.0085 -0.0061 0.0043 0.0066 0.0127 0.0126
D2S441 15 25 10 -0.0135 -0.0067 0.0219 0.0256 0.0350 0.0320
PentaE 25 33 8 0.0166 0.0124 0.0356 0.0319 0.0194 0.0197
CSF1PO 9 15 6 -0.0024 -0.0041 0.0013 -0.0003 0.0037 0.0038
D16S539 9 14 5 0.0189 0.0185 0.0395 0.0381 0.0210 0.0201
D7S820 12 16 4 0.0046 0.0049 0.0224 0.0224 0.0179 0.0175
D17S1301 10 13 3 -0.0001 0.0007 0.0142 0.0152 0.0144 0.0145
D4S2408 7 10 3 0.0563 0.0368 0.1002 0.0899 0.0465 0.0551
D10S1248 12 14 2 -0.0139 -0.0143 -0.0008 -0.0011 0.0129 0.0130
D22S1045 11 13 2 -0.0019 -0.0021 0.0394 0.0391 0.0412 0.0410
D20S482 11 12 1 -0.0082 -0.0077 0.0012 0.0016 0.0094 0.0093
PentaD 16 17 1 0.0230 0.0223 0.0402 0.0395 0.0175 0.0176
TH01 8 9 1 0.0323 0.0336 0.0952 0.0963 0.0650 0.0648
TPOX 9 10 1 -0.0327 -0.0332 0.0049 0.0045 0.0364 0.0365

Overall 393 849 456 0.0061 0.0043 0.0261 0.0257 0.0201 0.0215

Table 1.5: Estimated values of locus-specific β’s for 27 autosomal STR markers ordered by increase
in the number of alleles comparing sequence-based (SB) data to length-based (LB) data.

Data type M̃ I M̃S M̃B β̂IS β̂IT β̂ST

Length-based 0.2172 0.2124 0.1962 0.0061 0.0261 0.0201
Sequence-based 0.1879 0.1843 0.1664 0.0043 0.0257 0.0215

Table 1.6: Average matching proportions within individuals, between individuals within groups, and
between genetic-analysis groups, respectively, with overall estimated β values for 27 autosomal STR
markers for length-based and sequence-based data.

Group-specific estimates for aSTRs

Table 1.7 shows group-specific estimates and these results are graphically displayed in

Figure 1.4, along with 95% confidence intervals obtained by bootstrapping over loci. Genetic-

analysis group 1 shows relatively less population structure and total inbreeding compared
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to the overall set. The African America and African subgroups show the smallest values

for all β̂ST and β̂IT (Supplementary Tables 1.9, 1.11, 1.12, 1.14). Groups 3 and 5 show the

largest difference in within-individual matching relative to between-individual matching and

are relatively most inbred. The East Asian subgroup shows the highest value for the local

inbreeding estimates β̂IS , with a value of 0.0201 (95% CI: 0.0015 – 0.0408) for sequence-based

data (Table 1.13). It also shows the highest total inbreeding estimate β̂IT with a value of

0.0515 (95% CI: 0.0278 – 0.0781), followed by the admixed American (0.0383, 95% CI: 0.0159

– 0.0599) and South Asian (0.0385, 95% CI: 0.0148 – 0.0606) subgroups.

Supplementary Tables 1.15 and 1.16 show estimates for β̂WT using allelic data for length-

based and sequence-based STRs, respectively. It can be seen that estimates are close, but not

identical, to the ones obtained from genotypic data. We will come back to this observation

in the discussion section.

β̂IS β̂IT β̂ST

Group LB SB LB SB LB SB

Group 1 0.0002 0.0022 0.0026 -0.0009 0.0024 -0.0031
Group 2 0.0046 0.0018 0.0260 0.0229 0.0215 0.0212
Group 3 0.0151 0.0114 0.0370 0.0408 0.0222 0.0297
Group 4 -0.0018 -0.0008 0.0218 0.0259 0.0236 0.0268
Group 5 0.0126 0.0071 0.0431 0.0396 0.0309 0.0327

Overall 0.0061 0.0043 0.0261 0.0257 0.0201 0.0215

Table 1.7: Estimated values of group-specific β’s averaged over 27 autosomal STR markers for
length-based (LB) and sequence-based (SB) data.

Individual inbreeding and pairwise kinship estimates for aSTRs

We now briefly turn to individual-specific inbreeding estimates and pairwise coancestry

estimates. Figure 1.5 shows individual-specific inbreeding β̂ij estimates for both data types.

Estimates were obtained by using the whole data set as a reference group and we observe

similar patterns as seen with the group-specific estimates. Genetic-analysis group 1 shows

relatively lower inbreeding estimates compared to other groups. Overall, the distribution

of inbreeding estimates for sequence data is more narrow compared to the distribution for

length-based data, with lower observed variance within each genetic-analysis group.

Average pairwise coancestry estimates relative to all pairs of individuals within a group

33



Figure 1.4: Group-specific β estimates for length-based (LB, in orange) and sequence-based (SB, in
blue) data along with 95% confidence intervals obtained by bootstrapping over 27 autosomal STR loci.
Estimates are given for within-group inbreeding (top), inbreeding relative to the total set (middle),
and coancestry (bottom).

Figure 1.5: Individual-specific inbreeding estimates relative to the whole set for each of the five
genetic-analysis groups for length-based data (left) and sequence-based data (right), averaged over 27
autosomal STR loci.

are zero by construct [80]. Since pedigree coancestries are non-negative, it may be of use to re-

scale the estimates to get positive values. We do not see a specific need to do so as all estimates

are still relative to all pairs of individuals within a group, and they do not directly translate
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to pedigree values due to inherent variation of actual relatedness around pedigree relatedness

[39]. Although human populations tend to avoid marriages for people more closely related

than first cousins, higher general kinship levels are expected to lead to higher inbreeding

levels. Figure 1.6 shows all individual-specific inbreeding estimates plotted against their

average pairwise coancestry estimates for sequence-based data. A linear regression was fitted

to determine the effect and strength of the relationship between the two measures within each

genetic-analysis group and over all groups combined.

Since the within-individual matching proportion M̃ i
j is either 0 or 1 at each locus, inbreed-

ing estimates can only take on a limited set of values, leading to the discrete x-axis values

as seen in Figure 1.6. It can be seen that group 1 (in red) shows a relatively lower degree

of inbreeding as well as relatedness as compared to other groups. Although a great deal of

variation is seen over the estimates, a positive significant relationship between inbreeding and

average kinship is observed within each genetic-analysis group, as well as for the total set.

Similar results are observed for length-based data, although a stronger correlation is observed

for sequence data (adjusted R2 values of 0.1370 and 0.1476, respectively). As such, we cannot

generally assume that inbreeding or kinship values are zero. Moreover, if we estimate inbreed-

ing coefficients based on allelic data, our estimates will be confounded by average kinship with

other individuals.

Results for iiSNPs

The iiSNP analysis is restricted to the set of 350 1000GP individuals over five subgroups

and does not have a differentiation between length-based and sequence-based data as observed

in autosomal STRs. Locus-specific β estimates are displayed in Figure 1.7 and demonstrate

a high variability of the estimates among markers. The overall average matching proportions

are 0.5737 for within-individual matching, 0.5608 for within-group matching, and 0.5355 for

between-group matching. As expected, observed matching is much higher compared to aSTR

data due to the limited amount of variability within a SNP marker.

Group-specific and overall β estimates are given in Table 1.8 and Figure 1.8 displays these

results graphically along with 95% confidence intervals obtained by bootstrapping over loci.

Total inbreeding is estimated as β̂IT = 0.0822, within-population inbreeding is estimated as
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Figure 1.6: Relative inbreeding estimates versus average kinship estimates within groups (left) and
for all groups combined (right), averaged over 27 autosomal STR loci using sequence data. Dashed
lines indicate a linear regression fit to the data along with a confidence interval in gray.

Figure 1.7: Locus-specific β estimates per 1000GP subgroup (AFR in red, AMR in yellow, EAS in
green, EUR in blue, SAS in purple) for 94 iiSNP markers. Overall estimates are indicated with dashed
lines.
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β̂IS = 0.0292, and a global estimate for coancestry is given by β̂ST = 0.0546. Interestingly,

we see different patterns for the iiSNP markers as compared to aSTR data, with the AFR

subgroup now showing relatively higher coancestry and total inbreeding estimates. This

observation does highlight the fact that different marker systems show different β estimates

and SNP markers usually show higher coancestry estimates due to the lower mutation rates

[78]. We do again detect small but non-zero βIS estimates, with the AMR subgroup showing

the highest within-population inbreeding estimates for iiSNP data. All locus-specific estimates

per subgroup are available in Supplementary Tables 1.17−1.19. Supplementary Table 1.20

shows allelic-based estimates β̂WT for comparison.

Subgroup β̂IS β̂IT β̂ST

AFR 0.0267 0.1336 0.1098
AMR 0.0502 0.0693 0.0201
EAS 0.0276 0.1123 0.0871
EUR 0.0248 0.0306 0.0060
SAS 0.0154 0.0654 0.0507

Overall 0.0291 0.0822 0.0547

Table 1.8: Estimated values of group-specific β’s averaged over 94 identity-informative SNP markers
for the 1000GP data set.

Figure 1.9 shows individual-specific inbreeding estimates compared to average kinship

estimates for the total iiSNP data set. We observe a significant positive correlation between

the estimates and a stronger overall relationship with a slope value of 0.1935 (p < 2e-16 )

for the iiSNP markers as compared to aSTR data. While substantial variation exists among

individuals, the general increasing trend as seen for both aSTR and iiSNP data indicated that

average kinship plays an important role in inbreeding estimation. Similar observations were

noted in Zhang et al. [86].

Discussion

The inbreeding and coancestry estimates as presented in this paper have expected values of:

E(β̂IS) =
FI − θS
1− θS

, E(β̂IT ) =
FI − θB
1− θB

, E(β̂ST ) =
θS − θB
1− θB

, (1.2)
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Figure 1.8: Group-specific β estimates along with 95% confidence intervals obtained by bootstrapping
over 94 iiSNP markers. Estimates are given for within-group inbreeding (top), inbreeding relative to
the total set (middle), and coancestry (bottom).

where FI is the average inbreeding coefficient, θS is the average over all within-group coances-

try coefficients, and θB is the average over all between-group coancestry coefficients. When

genotype data are not available, allelic-based estimators may be calculated, which have ex-

pectation:

E(β̂WT ) =
θW − θB
1− θB

,

where θW is the average probability of identity by descent for pairs of alleles within groups.

Only if there is no local inbreeding, i.e., FIS = 0, it holds that FI = θS = θW . In other

words, the estimators β̂ST and β̂WT give the same value if there is HWE within each group.

If this assumption does not hold, the estimators will give different values and genotypic-

based estimates are preferred. Also note that with genotypic data, the usual relationship

(1 − β̂IT ) = (1 − β̂ST )(1 − β̂IS) is preserved and holds for all group-specific β estimates as

well.

The Weir and Cockerham (W&C) estimator [79], as often used in forensic applications
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Figure 1.9: Relative inbreeding estimates versus average kinship estimates averaged over 94 iiSNP
loci using the 1000GP data set. The dashed red line indicates a linear regression fit to the data along
with a confidence interval in gray.

when estimating population structure, suffers from the same limitations. In addition to HWE,

it assumes independent populations, i.e., θB = 0, each having equal evolutionary history. If

the W&C model is assumed, the estimators have the same expectations as shown in Equation

1.2. The estimator performs well unless coancestry values and/or sample sizes are different

among populations. In the latter case, the expectation of the estimator depends on inbreeding

and coancestry levels, sample sizes, and the number of populations sampled.

As demonstrated in this paper, there exists a complex, but general positive relationship

between inbreeding and average kinship for forensic markers. The effect of relatedness will

be greatest for small groups and small allelic frequencies, which will be important for se-

quence data due to their increased capability of observing rare variants. Since ignoring allelic

dependencies has the potential of being prejudicial to the suspect, we recommend avoid-

ing the independence assumption by incorporating population structure parameters. Such
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parameters are best estimated using genotypic data that accurately reflect both inbreeding

and relatedness levels, as allelic data is limited to providing only a composite indication of

inbreeding and kinship.

Appendix A: Theoretical impact of sequence data on β estimates

When looking at sequence variation instead of just allele length, the matching proportions

will generally decrease. To investigate what effect this will have on the β̂ estimates, consider

the fraction:

(M̃S − x)− (M̃B − y)

1− (M̃B − y)
=
M̃S − M̃B + y − x

1− M̃ b + y
,

where x denotes the decrease in matching within populations and y denotes the decrease in

matching between populations. Depending on x, y and the original matching proportions,

the estimate may increase, decrease or stay the same. Generally, using properties of the

mediant we know that the estimate will move towards the fraction y−x
y . We discuss a couple

of situations below.

Situation 1 Suppose the within matching does not change, while the between matching

decreases (i.e. x = 0, y > 0). Write a = M̃S − M̃B and b = 1− M̃B. Since M̃S and M̃B are

bounded by zero and one: a ≤ b and b ≥ 0, such that

by ≥ ay

ab+ by ≥ ab+ ay

b(a+ y) ≥ a(b+ y)

a+ y

b+ y
≥ a

b

Alternatively, this can also be graphically depicted using mediants. As the slope of y
y is one,

and the slope of a
b will always be smaller than or equal to one, the updated β estimate will

always be at least as big as the original one. From a population genetics perspective, this

happens when populations show the same length-based alleles but the underlying sequences

differ per population. LB-allele callings assume there is relatedness between populations,
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whereas SB-allele callings show that the populations are actually different. Relative to the

overall matching, the within matching increases, leading to higher estimates. In case the

sequence-based matching shows no matching at all between populations, the β estimates are

simply the (average of the) within matching proportions.

Situation 2 For positive estimates, if within matching decreases more than between match-

ing, the β estimate decreases. The slope of the fraction y−x
y will be negative as x > y and since

the original slope was positive, the slope of the mediant will decrease. Another explanation

uses properties of fractions: the denominator of the fraction will always increase (i.e. more

heterozygosity), while the numerator will decrease. The overall fraction will thus become

smaller given that the numerator is positive. In terms of population genetics theory, relative

to the overall matching, the within matching decreases (i.e heterozygosity within populations

increases more than overall heterozygosity), yielding smaller estimates.

Situation 3 For negative estimates, if between matching decreases more than within match-

ing, the β estimate increases. The slope of the fraction y−x
x will be positive as x < y and since

the original slope was negative, the slope of the mediant will increase. Another explanation

uses properties of fractions: the denominator increases, while the numerator becomes a larger

negative number. The overall fraction will thus increase. In population genetics terms, rela-

tive to the overall matching the within matching was lower, but now that the overall matching

decreases the within matching increases relatively, leading to increased estimates.

Situation 4 If the decrease is the same for within and between matching x = y the β

estimate will move towards 0. Even if both matching proportions decrease, the relative

difference stays the same. As the overall heterozygosity does increase, positive estimates will

decrease and negative estimates will increase (i.e. the relative heterozygosity stays the same

while there is less overall matching). If the original difference in matching is offset by the

decrease (i.e. M̃S − M̃B = −(y − x)) the β estimate will become 0. If there is no decrease in

matching, the β estimate will not change.
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Subgroup

Locus AFR AMR EAS EUR SAS All

rs1005533 -0.0481 0.0384 0.2418 -0.0495 0.0481 0.0462
rs10092491 -0.0261 -0.0403 0.1072 -0.0027 -0.0336 0.0009
rs1015250 0.0600 0.2475 -0.0062 0.2777 -0.0019 0.1154
rs1024116 0.2031 -0.1141 0.5700 -0.1007 -0.0119 0.1093
rs1028528 0.4145 0.2949 0.0404 0.2942 0.0436 0.2175
rs1031825 0.0106 0.1451 -0.0101 0.1744 -0.0117 0.0617
rs10488710 -0.0784 -0.0529 0.0065 0.0122 0.1471 0.0069
rs10495407 0.6293 -0.2028 -0.1751 -0.1631 0.4023 0.0981
rs1058083 -0.0309 -0.0266 0.0009 0.0738 0.0023 0.0039
rs10773760 0.0536 -0.0171 0.0692 -0.1029 0.0478 0.0101
rs10776839 -0.0035 -0.0342 -0.0413 0.0316 0.0733 0.0052
rs1109037 -0.0084 -0.0040 -0.0099 -0.0016 0.0694 0.0091
rs1294331 -0.0225 -0.0667 0.1823 0.1562 -0.0297 0.0439
rs12997453 -0.0136 -0.0758 0.0056 -0.0461 0.2303 0.0201
rs13182883 -0.0191 -0.0056 -0.0316 0.1885 0.1803 0.0625
rs13218440 -0.0151 0.0726 -0.0154 -0.0196 -0.0232 -0.0002
rs1335873 0.7193 0.0630 0.0807 0.2642 0.4283 0.3111
rs1336071 -0.0100 -0.0465 0.0241 -0.0319 0.1681 0.0208
rs1355366 -0.0233 0.2482 0.4733 -0.0453 -0.0379 0.1230
rs1357617 0.0801 0.1194 0.0943 -0.1920 -0.0976 0.0009
rs1360288 0.3171 0.1946 -0.0954 -0.0835 -0.1138 0.0438
rs1382387 -0.0188 0.2118 0.1906 -0.0075 0.0068 0.0766
rs1413212 -0.0031 0.1309 -0.0780 0.1536 -0.0309 0.0345
rs1454361 0.1719 -0.0077 0.0370 -0.0323 -0.0263 0.0285
rs1463729 0.3378 0.0090 -0.0170 0.0668 0.0142 0.0822
rs1490413 -0.0075 0.0086 0.0281 0.0092 0.0537 0.0184
rs1493232 0.0029 0.1432 0.1553 0.1850 0.0174 0.1008
rs1498553 -0.0041 -0.0063 -0.0024 -0.0067 0.0120 -0.0015
rs1523537 0.0199 0.0458 0.0454 0.0028 0.1041 0.0436
rs1528460 0.7385 0.1331 0.0461 0.2657 0.0676 0.2502
rs159606 -0.0097 -0.0664 -0.0282 0.0022 0.1605 0.0117
rs1736442 0.0256 0.0202 -0.0544 -0.0500 0.0531 -0.0011
rs1821380 0.0222 -0.0444 -0.0201 0.0067 0.0918 0.0112
rs1886510 0.5517 -0.1523 0.3822 -0.2128 0.2171 0.1572
rs1979255 0.1189 -0.0299 -0.0333 0.0300 -0.0222 0.0127
rs2040411 0.4448 0.1215 0.1235 0.1078 -0.0094 0.1576
rs2046361 0.0333 0.1481 -0.0040 0.1280 0.0321 0.0675
rs2056277 0.1342 -0.0653 0.1948 -0.0906 -0.1822 -0.0018
rs2076848 0.2277 0.0474 -0.0202 -0.0626 -0.0320 0.0321
rs2107612 -0.2017 -0.0495 0.5890 -0.0471 -0.0394 0.0502
rs2111980 0.1586 0.0163 0.0655 0.0203 0.0367 0.0595
rs214955 0.0096 -0.0043 -0.0023 0.0119 0.0405 0.0111
rs221956 0.0022 0.0546 -0.0667 0.0055 0.0034 -0.0002
rs2269355 0.0196 0.0109 0.0699 0.0587 0.0044 0.0327
rs2342747 -0.0237 -0.1001 0.0357 -0.0566 0.2217 0.0154
rs2399332 -0.0696 0.0114 0.0217 -0.0514 0.1581 0.0140
rs251934 0.0940 -0.1985 0.5647 -0.1617 -0.0102 0.0577
rs279844 0.0126 -0.0023 0.0216 -0.0027 0.0121 0.0083
rs2830795 0.4436 0.3433 -0.1794 -0.0726 -0.0137 0.1042
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rs2831700 0.0222 -0.0384 -0.0390 -0.0089 0.2687 0.0409
rs2920816 0.0804 -0.0381 0.0714 -0.0890 0.0523 0.0154
rs321198 -0.0136 0.0065 0.0245 0.0013 -0.0180 0.0001
rs338882 0.0131 0.0319 0.0626 -0.0046 -0.0049 0.0196
rs354439 0.0863 0.2143 0.0156 0.0453 0.0859 0.0895
rs3780962 0.0011 0.0322 0.0172 -0.0057 0.0107 0.0111
rs430046 0.1610 -0.0023 0.0053 -0.0666 -0.0316 0.0132
rs4364205 -0.0287 0.1288 -0.0384 -0.0440 0.0585 0.0152
rs445251 -0.0187 0.0200 0.1296 0.0292 -0.0161 0.0288
rs4530059 0.0060 -0.0950 0.0520 -0.1097 0.3228 0.0352
rs4606077 -0.1300 0.0427 0.1298 0.1053 -0.0333 0.0229
rs560681 0.0483 -0.0128 -0.0530 0.1582 -0.0869 0.0108
rs576261 0.0025 -0.0036 -0.0028 -0.0013 0.0207 0.0031
rs6444724 0.0039 0.0054 -0.0071 0.1193 -0.0080 0.0227
rs6811238 -0.0029 -0.0028 0.1080 0.0219 0.1111 0.0471
rs6955448 -0.0746 -0.0452 -0.0424 0.0663 0.0965 0.0001
rs7041158 -0.1090 0.0254 0.0351 0.0064 0.0879 0.0092
rs717302 -0.0750 0.0841 0.5394 -0.0794 0.0787 0.1096
rs719366 0.4072 -0.0482 0.0865 -0.1475 -0.1185 0.0359
rs722098 0.4365 0.0359 0.0406 0.2713 0.0589 0.1687
rs722290 -0.0024 -0.0057 0.0008 -0.0070 0.0170 0.0005
rs727811 0.3650 0.0314 0.1619 0.0270 0.1241 0.1419
rs729172 0.3588 -0.2650 0.6494 -0.2636 0.2993 0.1558
rs733164 -0.0377 -0.1272 0.3751 -0.0729 -0.0185 0.0238
rs735155 0.2627 0.0309 0.5469 0.0563 0.1441 0.2082
rs737681 -0.0693 0.0560 0.4370 -0.0449 -0.0634 0.0631
rs740598 -0.0022 -0.0276 -0.0725 -0.0194 0.1633 0.0083
rs740910 0.7350 -0.3972 0.8004 -0.4415 0.0868 0.1567
rs763869 -0.0167 -0.0006 0.0237 -0.0107 0.1564 0.0304
rs8037429 0.0349 -0.0032 0.0283 0.0092 -0.0118 0.0115
rs8078417 -0.0549 -0.1196 0.0274 0.0078 0.1826 0.0087
rs826472 0.7357 0.1457 0.2091 -0.2781 -0.1702 0.1284
rs873196 0.2717 -0.1554 0.4178 -0.2960 0.0413 0.0559
rs876724 0.3672 0.1198 -0.1723 -0.0972 0.0415 0.0518
rs891700 -0.0051 0.0007 0.0029 0.0026 -0.0039 -0.0006
rs901398 -0.0763 -0.0127 0.0404 -0.0889 0.1803 0.0085
rs907100 0.4129 0.0905 0.0528 0.0963 0.0759 0.1457
rs914165 0.2632 0.0308 0.1892 0.1093 0.1053 0.1395
rs917118 0.1442 0.0873 0.2053 0.1359 -0.0104 0.1125
rs938283 0.2935 0.0116 0.0428 -0.2721 -0.0681 0.0016
rs964681 0.2159 0.0473 0.1138 -0.0932 -0.1536 0.0260
rs987640 0.0051 0.0025 0.0060 0.0138 0.2225 0.0500
rs9905977 0.1298 0.0655 -0.0704 0.1195 -0.0977 0.0293
rs993934 0.0665 0.0888 -0.0247 -0.0163 -0.0271 0.0175
rs9951171 -0.0160 0.0026 0.0015 0.0543 -0.0220 0.0041

All 0.1088 0.0206 0.0864 0.0068 0.0506 0.0546

Table 1.17: Locus-specific β̂ST for each subgroup over 94 iiSNP markers using the 1000GP data set.
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Subgroup

Locus AFR AMR EAS EUR SAS All

rs1005533 -0.0858 0.2768 -0.0785 -0.2682 -0.0362 -0.0418
rs10092491 0.0471 0.1177 -0.0094 0.0383 -0.0217 0.0357
rs1015250 0.2639 0.3616 -0.1318 -0.1017 0.1625 0.1078
rs1024116 0.0835 -0.0875 -0.1145 -0.0761 0.0442 -0.0267
rs1028528 -0.0638 0.0005 0.0076 0.0914 0.1440 0.0441
rs1031825 0.0066 0.3554 -0.1032 -0.0501 -0.0120 0.0325
rs10488710 0.1321 0.0442 0.1219 -0.1656 0.0510 0.0383
rs10495407 -0.0807 0.0509 0.0155 0.2161 -0.1489 0.0470
rs1058083 0.0467 -0.1232 -0.0584 -0.1116 0.0243 -0.0433
rs10773760 0.0973 -0.0145 0.1011 -0.0370 -0.0977 0.0076
rs10776839 0.1990 -0.1533 0.1361 -0.1111 0.2653 0.0646
rs1109037 0.0253 0.0383 0.2732 -0.2467 0.1747 0.0515
rs1294331 0.1650 0.1873 0.1843 0.3014 0.1756 0.1997
rs12997453 -0.2876 0.1562 -0.0012 0.0000 0.2322 0.0110
rs13182883 0.1767 -0.0606 -0.1016 0.1720 -0.1828 0.0009
rs13218440 -0.1603 -0.0133 -0.1036 -0.0867 -0.0682 -0.0877
rs1335873 0.2294 -0.0835 0.0767 -0.0704 0.0314 0.0066
rs1336071 0.0655 0.1846 -0.0638 -0.0061 0.0924 0.0547
rs1355366 0.3196 0.2206 0.1524 0.4109 0.4936 0.3455
rs1357617 0.3907 0.3528 0.1459 0.1720 0.0018 0.2020
rs1360288 -0.0638 -0.0582 -0.0139 -0.0899 -0.0062 -0.0439
rs1382387 0.0378 0.1813 0.1569 -0.0442 0.0371 0.0651
rs1413212 0.0056 0.0146 0.1412 0.0842 0.2070 0.0943
rs1454361 0.1853 -0.0835 0.0519 0.2819 -0.1242 0.0582
rs1463729 0.2371 -0.0059 0.0872 0.2161 -0.0062 0.0949
rs1490413 -0.0626 0.0565 -0.1707 -0.1163 0.0371 -0.0516
rs1493232 0.1451 0.3750 0.0808 0.2037 -0.0998 0.1339
rs1498553 0.0273 0.0465 0.1107 -0.0270 0.0804 0.0474
rs1523537 -0.1059 -0.0829 0.1561 -0.0307 0.0724 0.0001
rs1528460 0.0920 0.1236 0.0851 -0.0704 -0.0370 0.0337
rs159606 -0.0125 0.0626 0.0428 -0.0364 0.0258 0.0169
rs1736442 0.2712 0.2437 0.3265 0.3116 0.0182 0.2381
rs1821380 0.0845 0.1266 -0.0711 0.0284 0.0453 0.0428
rs1886510 0.0156 0.1294 -0.1680 -0.2076 -0.1273 -0.0710
rs1979255 -0.0095 -0.0400 -0.0775 0.0848 -0.0258 -0.0149
rs2040411 -0.1918 -0.2191 0.0403 -0.0088 -0.0851 -0.0849
rs2046361 0.1329 0.2524 -0.0480 0.1493 0.1148 0.1151
rs2056277 -0.0333 0.0146 -0.1231 0.3155 0.0314 0.0537
rs2076848 0.0675 0.1609 0.0767 -0.3025 0.1440 0.0229
rs2107612 -0.0125 -0.0039 -0.0896 0.0346 -0.2040 -0.0488
rs2111980 -0.0472 0.1107 -0.0638 0.1252 0.0243 0.0331
rs214955 0.0847 0.0733 0.0052 0.1648 0.1309 0.0912
rs221956 0.0909 0.0263 0.0708 -0.0098 0.0160 0.0394
rs2269355 -0.1719 0.0952 0.0814 0.0753 -0.3047 -0.0478
rs2342747 0.0953 0.0397 -0.0469 0.1873 -0.1636 0.0338
rs2399332 0.1099 0.0439 0.1988 0.0136 0.0258 0.0794
rs251934 -0.1710 0.1859 0.0601 -0.1610 0.0008 -0.0196
rs279844 0.0129 0.1775 0.1185 0.1769 -0.2481 0.0482
rs2830795 0.0408 -0.0013 -0.1032 0.2450 0.1576 0.0720
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rs2831700 -0.0788 0.1260 0.1147 -0.0575 0.0256 0.0279
rs2920816 0.2887 0.1721 -0.0532 0.0751 0.0453 0.1055
rs321198 0.1402 -0.0835 0.1892 0.0244 -0.0093 0.0517
rs338882 0.0129 -0.0709 -0.0059 -0.0948 0.0261 -0.0266
rs354439 0.1217 0.2344 -0.0232 0.1144 -0.2486 0.0339
rs3780962 -0.0943 -0.1045 0.0630 -0.0307 -0.0682 -0.0469
rs430046 0.0478 -0.1903 0.0738 0.0012 -0.0515 -0.0262
rs4364205 -0.1987 0.0419 0.0223 -0.0683 0.1537 -0.0145
rs445251 0.0890 -0.1389 0.0808 0.1298 -0.2057 -0.0120
rs4530059 0.1493 -0.0709 -0.0929 -0.0160 0.0314 -0.0028
rs4606077 -0.0485 -0.1681 -0.1263 -0.0920 -0.1167 -0.1082
rs560681 -0.1164 -0.3481 -0.2000 -0.0488 0.0690 -0.1294
rs576261 0.0847 0.1994 0.1068 -0.1068 -0.0815 0.0411
rs6444724 0.1307 -0.0214 -0.1032 0.2541 -0.0851 0.0293
rs6811238 0.0036 -0.0363 0.1219 0.0136 0.1007 0.0375
rs6955448 -0.0731 0.0065 0.1433 0.1720 -0.0449 0.0395
rs7041158 0.0847 0.1286 0.2494 0.1475 -0.0239 0.1180
rs717302 0.0728 0.0034 0.1212 0.0773 -0.0977 0.0293
rs719366 0.0266 0.1081 0.1058 -0.0899 0.1747 0.0660
rs722098 0.0268 0.1457 -0.1419 -0.2332 -0.0815 -0.0546
rs722290 0.0492 0.1792 0.0818 0.0084 -0.3666 -0.0081
rs727811 -0.1118 -0.0155 0.1235 0.1400 0.1537 0.0672
rs729172 0.0129 0.2323 -0.0735 0.0327 0.2117 0.1104
rs733164 0.0068 -0.0729 0.0458 -0.1424 -0.2253 -0.0878
rs735155 0.0205 0.0727 -0.0338 0.1556 0.0182 0.0587
rs737681 0.0947 0.1276 0.0287 0.2972 0.1625 0.1540
rs740598 -0.1398 -0.0059 0.1739 0.1128 -0.0449 0.0238
rs740910 -0.0419 -0.0145 -0.0282 -0.0899 0.1534 -0.0063
rs763869 -0.0858 0.0022 -0.0925 -0.2774 0.1276 -0.0718
rs8037429 -0.0380 0.1745 -0.1145 -0.0459 0.2440 0.0463
rs8078417 -0.1259 0.0948 0.0759 -0.0731 -0.0568 -0.0145
rs826472 -0.0519 0.1456 0.0347 0.1799 0.0160 0.0887
rs873196 -0.0136 0.2719 -0.0052 -0.0442 -0.0779 0.0358
rs876724 0.0713 0.1097 -0.0568 0.1873 -0.2040 0.0180
rs891700 0.1645 0.0673 -0.2451 0.1024 0.1681 0.0518
rs901398 0.0236 -0.0350 -0.0094 0.0848 0.0256 0.0190
rs907100 0.1653 0.0229 0.1330 -0.0098 -0.1186 0.0293
rs914165 -0.1459 -0.1298 -0.1406 -0.0598 0.2848 -0.0339
rs917118 -0.0095 0.0648 0.0475 0.0420 0.1360 0.0592
rs938283 -0.0943 -0.1473 -0.1406 0.0202 0.1314 -0.0362
rs964681 0.0817 0.0146 0.0338 -0.0364 0.1123 0.0406
rs987640 -0.1093 -0.0333 0.1107 0.1337 0.1193 0.0406
rs9905977 -0.1976 -0.0594 0.0076 0.0593 -0.0851 -0.0537
rs993934 -0.0900 0.1066 0.1412 -0.2774 0.0274 -0.0195
rs9951171 -0.1331 -0.0835 0.1499 0.1873 -0.0454 0.0124

All 0.0269 0.0500 0.0280 0.0250 0.0154 0.0292

Table 1.18: Locus-specific β̂IS for each subgroup over 94 iiSNP markers using the 1000GP data set.
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Subgroup

Locus AFR AMR EAS EUR SAS All

rs1005533 -0.1380 0.3045 0.1824 -0.3310 0.0137 0.0063
rs10092491 0.0222 0.0822 0.0988 0.0357 -0.0560 0.0366
rs1015250 0.3081 0.5196 -0.1388 0.2043 0.1609 0.2108
rs1024116 0.2696 -0.2115 0.5208 -0.1845 0.0329 0.0855
rs1028528 0.3771 0.2953 0.0477 0.3587 0.1814 0.2520
rs1031825 0.0172 0.4490 -0.1144 0.1331 -0.0239 0.0922
rs10488710 0.0641 -0.0063 0.1276 -0.1514 0.1905 0.0449
rs10495407 0.5994 -0.1415 -0.1570 0.0883 0.3133 0.1405
rs1058083 0.0172 -0.1531 -0.0574 -0.0296 0.0266 -0.0393
rs10773760 0.1457 -0.0319 0.1633 -0.1437 -0.0453 0.0176
rs10776839 0.1962 -0.1927 0.1004 -0.0760 0.3192 0.0694
rs1109037 0.0170 0.0344 0.2660 -0.2486 0.2319 0.0602
rs1294331 0.1462 0.1332 0.3330 0.4105 0.1511 0.2348
rs12997453 -0.3051 0.0922 0.0044 -0.0461 0.4090 0.0309
rs13182883 0.1609 -0.0666 -0.1364 0.3281 0.0304 0.0633
rs13218440 -0.1779 0.0602 -0.1206 -0.1080 -0.0930 -0.0878
rs1335873 0.7837 -0.0152 0.1511 0.2123 0.4463 0.3156
rs1336071 0.0562 0.1467 -0.0382 -0.0382 0.2450 0.0743
rs1355366 0.3038 0.4141 0.5536 0.3842 0.4744 0.4260
rs1357617 0.4395 0.4300 0.2265 0.0131 -0.0955 0.2027
rs1360288 0.2736 0.1477 -0.1107 -0.1809 -0.1208 0.0018
rs1382387 0.0197 0.3548 0.3176 -0.0520 0.0436 0.1367
rs1413212 0.0025 0.1436 0.0742 0.2248 0.1825 0.1255
rs1454361 0.3254 -0.0918 0.0871 0.2588 -0.1539 0.0851
rs1463729 0.4949 0.0032 0.0717 0.2684 0.0081 0.1693
rs1490413 -0.0706 0.0645 -0.1377 -0.1060 0.0888 -0.0322
rs1493232 0.1476 0.4645 0.2236 0.3510 -0.0807 0.2212
rs1498553 0.0233 0.0405 0.1086 -0.0339 0.0914 0.0460
rs1523537 -0.0840 -0.0334 0.1943 -0.0279 0.1690 0.0436
rs1528460 0.7626 0.2402 0.1273 0.2140 0.0330 0.2754
rs159606 -0.0223 0.0004 0.0158 -0.0341 0.1821 0.0284
rs1736442 0.2899 0.2590 0.2899 0.2772 0.0704 0.2372
rs1821380 0.1048 0.0878 -0.0926 0.0349 0.1330 0.0536
rs1886510 0.5587 -0.0032 0.2784 -0.4647 0.1174 0.0973
rs1979255 0.1106 -0.0710 -0.1134 0.1122 -0.0486 -0.0020
rs2040411 0.3383 -0.0709 0.1588 0.0999 -0.0953 0.0862
rs2046361 0.1618 0.3631 -0.0522 0.2581 0.1431 0.1748
rs2056277 0.1054 -0.0497 0.0957 0.2535 -0.1451 0.0520
rs2076848 0.2799 0.2007 0.0580 -0.3840 0.1166 0.0542
rs2107612 -0.2167 -0.0537 0.5522 -0.0109 -0.2514 0.0039
rs2111980 0.1189 0.1252 0.0059 0.1430 0.0601 0.0906
rs214955 0.0935 0.0694 0.0029 0.1748 0.1660 0.1013
rs221956 0.0929 0.0795 0.0088 -0.0043 0.0194 0.0392
rs2269355 -0.1489 0.1050 0.1456 0.1296 -0.2989 -0.0135
rs2342747 0.0739 -0.0565 -0.0096 0.1413 0.0945 0.0487
rs2399332 0.0479 0.0548 0.2162 -0.0371 0.1797 0.0923
rs251934 -0.0610 0.0243 0.5908 -0.3487 -0.0093 0.0392
rs279844 0.0254 0.1756 0.1375 0.1747 -0.2330 0.0560
rs2830795 0.4663 0.3424 -0.3011 0.1902 0.1460 0.1688
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rs2831700 -0.0548 0.0924 0.0801 -0.0669 0.2874 0.0676
rs2920816 0.3459 0.1405 0.0220 -0.0071 0.0953 0.1193
rs321198 0.1285 -0.0764 0.2091 0.0257 -0.0275 0.0519
rs338882 0.0259 -0.0367 0.0571 -0.0999 0.0213 -0.0065
rs354439 0.1975 0.3984 -0.0073 0.1545 -0.1413 0.1204
rs3780962 -0.0932 -0.0689 0.0792 -0.0366 -0.0567 -0.0352
rs430046 0.2010 -0.1931 0.0787 -0.0653 -0.0847 -0.0127
rs4364205 -0.2331 0.1653 -0.0152 -0.1154 0.2032 0.0010
rs445251 0.0719 -0.1161 0.1999 0.1551 -0.2250 0.0172
rs4530059 0.1544 -0.1726 -0.0360 -0.1275 0.3440 0.0325
rs4606077 -0.1848 -0.1182 0.0199 0.0230 -0.1539 -0.0828
rs560681 -0.0625 -0.3654 -0.2636 0.1172 -0.0119 -0.1173
rs576261 0.0870 0.1966 0.1043 -0.1082 -0.0591 0.0441
rs6444724 0.1341 -0.0160 -0.1110 0.3431 -0.0937 0.0513
rs6811238 0.0008 -0.0392 0.2168 0.0352 0.2006 0.0828
rs6955448 -0.1532 -0.0384 0.1070 0.2269 0.0560 0.0397
rs7041158 -0.0151 0.1508 0.2757 0.1529 0.0661 0.1261
rs717302 0.0032 0.0872 0.5953 0.0041 -0.0113 0.1357
rs719366 0.4230 0.0651 0.1832 -0.2506 0.0768 0.0995
rs722098 0.4516 0.1764 -0.0956 0.1014 -0.0178 0.1232
rs722290 0.0469 0.1746 0.0825 0.0015 -0.3434 -0.0076
rs727811 0.2940 0.0164 0.2654 0.1632 0.2587 0.1996
rs729172 0.3670 0.0289 0.6236 -0.2223 0.4476 0.2490
rs733164 -0.0307 -0.2093 0.4037 -0.2257 -0.2480 -0.0620
rs735155 0.2778 0.1013 0.5316 0.2031 0.1597 0.2547
rs737681 0.0319 0.1765 0.4532 0.2656 0.1094 0.2073
rs740598 -0.1424 -0.0337 0.1140 0.0957 0.1258 0.0319
rs740910 0.7239 -0.4174 0.7948 -0.5710 0.2269 0.1514
rs763869 -0.1039 0.0016 -0.0666 -0.2911 0.2641 -0.0392
rs8037429 -0.0017 0.1719 -0.0829 -0.0363 0.2351 0.0572
rs8078417 -0.1877 -0.0135 0.1012 -0.0648 0.1362 -0.0057
rs826472 0.7220 0.2701 0.2366 -0.0482 -0.1515 0.2058
rs873196 0.2618 0.1588 0.4148 -0.3533 -0.0334 0.0897
rs876724 0.4123 0.2164 -0.2389 0.1083 -0.1540 0.0688
rs891700 0.1603 0.0680 -0.2415 0.1047 0.1648 0.0513
rs901398 -0.0510 -0.0482 0.0314 0.0034 0.2013 0.0274
rs907100 0.5099 0.1113 0.1788 0.0874 -0.0337 0.1707
rs914165 0.1556 -0.0950 0.0752 0.0560 0.3601 0.1104
rs917118 0.1361 0.1464 0.2430 0.1722 0.1270 0.1650
rs938283 0.2269 -0.1339 -0.0918 -0.2463 0.0722 -0.0346
rs964681 0.2800 0.0613 0.1437 -0.1329 -0.0241 0.0656
rs987640 -0.1036 -0.0307 0.1161 0.1457 0.3153 0.0886
rs9905977 -0.0422 0.0101 -0.0623 0.1717 -0.1911 -0.0228
rs993934 -0.0175 0.1860 0.1200 -0.2982 0.0010 -0.0017
rs9951171 -0.1512 -0.0806 0.1512 0.2314 -0.0684 0.0165

All 0.1328 0.0696 0.1119 0.0316 0.0652 0.0822

Table 1.19: Locus-specific β̂IT for each subgroup over 94 iiSNP markers using the 1000GP data set.
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Subgroup

Locus AFR AMR EAS EUR SAS All

rs1005533 -0.0486 0.0402 0.2414 -0.0519 0.0478 0.0458
rs10092491 -0.0259 -0.0395 0.1071 -0.0024 -0.0338 0.0011
rs1015250 0.0615 0.2494 -0.0071 0.2771 -0.0004 0.1161
rs1024116 0.2034 -0.1148 0.5697 -0.1015 -0.0114 0.1091
rs1028528 0.4142 0.2949 0.0405 0.2947 0.0449 0.2178
rs1031825 0.0107 0.1472 -0.0108 0.1741 -0.0119 0.0619
rs10488710 -0.0776 -0.0525 0.0073 0.0108 0.1475 0.0071
rs10495407 0.6292 -0.2024 -0.1750 -0.1609 0.4015 0.0985
rs1058083 -0.0307 -0.0275 0.0005 0.0729 0.0025 0.0036
rs10773760 0.0541 -0.0172 0.0698 -0.1033 0.0469 0.0101
rs10776839 -0.0023 -0.0352 -0.0404 0.0306 0.0756 0.0057
rs1109037 -0.0083 -0.0037 -0.0080 -0.0037 0.0709 0.0094
rs1294331 -0.0216 -0.0652 0.1834 0.1585 -0.0280 0.0454
rs12997453 -0.0152 -0.0747 0.0056 -0.0461 0.2319 0.0203
rs13182883 -0.0181 -0.0060 -0.0323 0.1897 0.1789 0.0624
rs13218440 -0.0160 0.0725 -0.0161 -0.0203 -0.0239 -0.0008
rs1335873 0.7197 0.0625 0.0811 0.2637 0.4285 0.3111
rs1336071 -0.0096 -0.0451 0.0237 -0.0319 0.1688 0.0212
rs1355366 -0.0214 0.2493 0.4739 -0.0415 -0.0332 0.1254
rs1357617 0.0822 0.1215 0.0952 -0.1902 -0.0975 0.0022
rs1360288 0.3169 0.1942 -0.0956 -0.0844 -0.1139 0.0435
rs1382387 -0.0186 0.2128 0.1915 -0.0079 0.0071 0.0770
rs1413212 -0.0031 0.1309 -0.0770 0.1542 -0.0289 0.0352
rs1454361 0.1728 -0.0083 0.0374 -0.0297 -0.0275 0.0289
rs1463729 0.3387 0.0090 -0.0164 0.0685 0.0142 0.0828
rs1490413 -0.0079 0.0089 0.0270 0.0082 0.0541 0.0181
rs1493232 0.0037 0.1454 0.1558 0.1864 0.0165 0.1016
rs1498553 -0.0040 -0.0060 -0.0017 -0.0069 0.0127 -0.0012
rs1523537 0.0193 0.0452 0.0464 0.0025 0.1047 0.0436
rs1528460 0.7386 0.1338 0.0466 0.2653 0.0672 0.2503
rs159606 -0.0098 -0.0659 -0.0279 0.0019 0.1607 0.0118
rs1736442 0.0275 0.0228 -0.0520 -0.0471 0.0533 0.0009
rs1821380 0.0226 -0.0435 -0.0206 0.0069 0.0922 0.0115
rs1886510 0.5518 -0.1513 0.3815 -0.2150 0.2162 0.1566
rs1979255 0.1189 -0.0301 -0.0338 0.0307 -0.0225 0.0126
rs2040411 0.4442 0.1203 0.1237 0.1077 -0.0102 0.1571
rs2046361 0.0340 0.1495 -0.0043 0.1291 0.0331 0.0683
rs2056277 0.1340 -0.0652 0.1941 -0.0876 -0.1819 -0.0013
rs2076848 0.2280 0.0485 -0.0197 -0.0654 -0.0307 0.0322
rs2107612 -0.2018 -0.0496 0.5887 -0.0468 -0.0414 0.0498
rs2111980 0.1584 0.0170 0.0651 0.0214 0.0369 0.0598
rs214955 0.0101 -0.0038 -0.0023 0.0133 0.0416 0.0118
rs221956 0.0027 0.0548 -0.0662 0.0054 0.0035 0.0000
rs2269355 0.0185 0.0118 0.0704 0.0594 0.0016 0.0323
rs2342747 -0.0231 -0.0998 0.0354 -0.0549 0.2206 0.0156
rs2399332 -0.0690 0.0117 0.0230 -0.0513 0.1582 0.0145
rs251934 0.0931 -0.1970 0.5648 -0.1633 -0.0102 0.0575
rs279844 0.0127 -0.0011 0.0223 -0.0012 0.0099 0.0085
rs2830795 0.4437 0.3433 -0.1803 -0.0703 -0.0122 0.1048
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rs2831700 0.0218 -0.0376 -0.0382 -0.0094 0.2688 0.0411
rs2920816 0.0820 -0.0369 0.0710 -0.0882 0.0527 0.0161
rs321198 -0.0128 0.0060 0.0258 0.0015 -0.0180 0.0005
rs338882 0.0132 0.0315 0.0626 -0.0055 -0.0046 0.0194
rs354439 0.0870 0.2155 0.0154 0.0462 0.0838 0.0896
rs3780962 0.0005 0.0316 0.0176 -0.0060 0.0101 0.0108
rs430046 0.1612 -0.0036 0.0058 -0.0666 -0.0321 0.0130
rs4364205 -0.0299 0.1290 -0.0382 -0.0447 0.0598 0.0152
rs445251 -0.0182 0.0191 0.1300 0.0303 -0.0180 0.0286
rs4530059 0.0068 -0.0955 0.0514 -0.1099 0.3230 0.0352
rs4606077 -0.1304 0.0416 0.1290 0.1046 -0.0344 0.0221
rs560681 0.0476 -0.0152 -0.0544 0.1579 -0.0862 0.0099
rs576261 0.0030 -0.0022 -0.0021 -0.0022 0.0200 0.0033
rs6444724 0.0047 0.0052 -0.0078 0.1213 -0.0088 0.0229
rs6811238 -0.0029 -0.0031 0.1088 0.0220 0.1119 0.0474
rs6955448 -0.0750 -0.0452 -0.0414 0.0677 0.0961 0.0004
rs7041158 -0.1085 0.0263 0.0368 0.0076 0.0877 0.0100
rs717302 -0.0746 0.0841 0.5398 -0.0787 0.0779 0.1097
rs719366 0.4073 -0.0474 0.0872 -0.1484 -0.1167 0.0364
rs722098 0.4366 0.0369 0.0397 0.2699 0.0582 0.1682
rs722290 -0.0021 -0.0045 0.0013 -0.0069 0.0137 0.0003
rs727811 0.3646 0.0313 0.1626 0.0282 0.1253 0.1424
rs729172 0.3588 -0.2629 0.6492 -0.2633 0.3006 0.1565
rs733164 -0.0377 -0.1277 0.3753 -0.0742 -0.0206 0.0230
rs735155 0.2628 0.0313 0.5468 0.0576 0.1442 0.2086
rs737681 -0.0687 0.0568 0.4371 -0.0422 -0.0619 0.0642
rs740598 -0.0030 -0.0276 -0.0712 -0.0184 0.1630 0.0085
rs740910 0.7349 -0.3973 0.8004 -0.4426 0.0880 0.1567
rs763869 -0.0172 -0.0006 0.0231 -0.0131 0.1574 0.0299
rs8037429 0.0347 -0.0020 0.0276 0.0088 -0.0096 0.0119
rs8078417 -0.0556 -0.1189 0.0279 0.0071 0.1822 0.0085
rs826472 0.7356 0.1468 0.2093 -0.2761 -0.1700 0.1291
rs873196 0.2717 -0.1533 0.4178 -0.2965 0.0406 0.0561
rs876724 0.3674 0.1205 -0.1728 -0.0954 0.0397 0.0519
rs891700 -0.0041 0.0012 0.0012 0.0035 -0.0024 -0.0001
rs901398 -0.0762 -0.0130 0.0403 -0.0881 0.1804 0.0087
rs907100 0.4134 0.0906 0.0537 0.0962 0.0749 0.1458
rs914165 0.2626 0.0299 0.1884 0.1088 0.1076 0.1395
rs917118 0.1442 0.0877 0.2055 0.1362 -0.0091 0.1129
rs938283 0.2931 0.0107 0.0419 -0.2718 -0.0668 0.0014
rs964681 0.2163 0.0474 0.1140 -0.0935 -0.1525 0.0263
rs987640 0.0045 0.0023 0.0068 0.0149 0.2234 0.0504
rs9905977 0.1288 0.0652 -0.0704 0.1200 -0.0986 0.0290
rs993934 0.0660 0.0895 -0.0237 -0.0187 -0.0268 0.0173
rs9951171 -0.0168 0.0020 0.0026 0.0559 -0.0224 0.0043

All 0.1090 0.0209 0.0865 0.0070 0.0507 0.0548

Table 1.20: Locus-specific β̂WT for each subgroup over 94 iiSNP markers using the 1000GP data set.
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Chapter 2

The impact of DNA sequence data on match probabilities for

different forensic marker systems

This chapter is based on Sanne E. Aalbers, Scott R. Kennedy, Bruce S. Weir. The im-

pact of sequence data on match probabilities for different forensic marker systems. (2023).

Manuscript in preparation.

Abstract

In this paper we demonstrate the effect of sequence data on match probabilities, a measure

integral to DNA evidence evaluations. Results show that empirical matching proportions

become less conservative the more markers we include and that this problem is exacerbated

with sequence-based data compared to length-based data. While a theta-correction can be

invoked to compensate for multi-locus dependencies, we caution against the combination of

markers across different systems due to the occurrence of dependencies even for unlinked loci.

Introduction

Forensic genetics is concerned with the matching of DNA profiles from evidence and from

persons of interest. The power of DNA profiling comes from using many loci and requires the

estimation of multi-locus match probabilities. For autosomal profiles, a convenient approach

is to employ the product rule, which combines single-locus match probabilities by multiplying

over loci. The product rule assumes that loci are independent. If this assumption is violated,
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match probabilities may be underestimated, potentially leading to overstating the weight of

the evidence.

Autosomal short tandem repeat (aSTR) markers are generally assumed to be independent

of each other, due to their physical distance. However, between-locus dependencies occur even

for unlinked loci and it has previously been shown that match probabilities for multi-locus

autosomal STR profiles depart from products of single-locus probabilities [77, 46]. These

departures increase with the number of loci: the more loci match, the more likely that a

match occurs at the next locus as well, as also noted by Donnelly [20].

In contrast to autosomal STR markers, it is generally assumed that there is a lack of

independence between markers for the Y-chromosome [4]. As such, the product rule is not

employed when estimating matching proportions for multi-locus Y-STR profiles. Instead,

Y-STR profiles are considered as a whole and multi-locus haplotype frequencies are used.

Whatever marker system we consider, DNA profiles are not independent since human

populations are finite and any two individuals will therefore show some level of relatedness.

With the introduction of sequencing techniques it would be of interest to quantify the ex-

tent of departure from independence for data generated by such technologies. In this paper

we investigate the extent of dependencies between markers for sequence data over different

forensic marker systems.

Methods

Data

Two data sets have been used in this study, both containing individual-level genotype

data across different marker systems that have been described previously. The first data

set consists of 350 individuals of the 1000 Genomes Project (1000GP) Phase 3 (http://www.

1000genomes.org) typed for 27 autosomal STR markers, 24 Y-STR markers, and 94 identity-

informative single nucleotide polymorphisms (iiSNPs) [2]. The second data set consists of the

NIST 1036 data set with calls for the same set of 27 autosomal STR markers and 24 Y-

STR markers [33, 63]. Both data sets were generated on a MiSeq FGx instrument with the
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ForenSeq DNA Signature Prep Kit and calls were restricted to the regions as reported in the

sample level reports of Illumina’s Universal Analysis Software. For Y-STR data we restricted

to the set of 1104 male samples showing complete profiles only.

Calculation of match probabilities

For this study we are interested in comparing observed and expected match probabili-

ties. In Appendix A we show that expected match probabilities for autosomal data can be

calculated from the following expression:

P2(θ) =
1

D
[6θ3 + θ2(1− θ)(2 + 9S2) + 2θ(1− θ)(2S2 + S3) + (1− θ3)(2S2

2 − S4)],

where D = (1 + θ)(1 + 2θ) and Sn =
∑

u π
n
u . For any value of the population structure

parameter θ we can calculate the expected matching proportion in a database using sample

allele proportions p̃u estimated from the data to approximate population allele frequencies πu.

Multi-locus match probabilities can be estimated by taking the product of the single locus

expected values.

The observed match probabilities are calculated as the sum of the number of matches for

a set of markers divided by the total pairs of profiles considered. In other words, if a group

of n individuals were sorted into groups of size ng with matching genotype or haplotype, the

observed match probability is
∑

g ng(ng − 1)/[n(n − 1)]. Genotype or haplotype counts are

considered for both length-based and sequence-based STR data.

Entropy measures

An alternative approach to describe associations between markers is with the concept of

entropy [14, 61]. Siegert et al. suggested the use of entropy measures to construct a set of

Y-STR markers by an iterative procedure [61]. For a locus with sample frequencies p̃u for

alleles Au, the entropy is calculated as:

HA = −
∑
u

p̃u ln(p̃u)

The first locus A is selected based on the largest entropy and the conditional entropy HB|A =

60



HAB −HA is calculated for all remaining markers B. The locus with the highest conditional

entropy is added to the set and conditional entropies are updated for the remaining markers

given the current selection of markers. This process can be repeated until the conditional

entropy reaches zero for all markers, indicating that no additional discriminating power has

been observed for the remaining markers.

Entropy measures are additive under the assumption of independence between markers.

If haplotypes AuBv have sample frequencies P̃uv, the two-locus entropy is

HAB = −
∑
u

∑
v

P̃uv ln(P̃uv) = −
∑
u

∑
v

p̃up̃v[ln(p̃u) + ln(p̃v)] = HA +HB

This implies that if HAB 6= HA+HB there is evidence of dependencies between markers in the

sense that the multi-locus probabilities P̃uv are not equal to the product of the single-locus

probabilities.

We employ this approach for both Y-STR data as well as genotypic-based autosomal

markers.

Results

Autosomal STRs

For the autosomal STR (aSTR) markers we have a total of 1386 · 1385/2 = 959 805 pairs

of profiles, and most pairs show a match at only one locus. Table 2.1 and Figure 2.1 show

the number of m-locus matches within our data set. For length-based genotypes, one pair of

individuals matches at as many as 12 loci. For sequence-based data, this pair now shows a

match for a total of 11 different markers, together with another pair that showed an 11-locus

match for both data types. The average number of matching loci is 1.9 for length-based data

and goes down to 1.5 matching loci for sequence data.

Under the assumption of independence across markers we expect to see an approximately

constant decline in the number of matches with increasing number of loci. Figure 2.1 shows the

decline in matching proportions on a log-scale, which more closely resembles an exponential

decline and demonstrates that autosomal match probabilities for STR profiles violate the
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assumption of independence.

Loci 0 1 2 3 4 5 6 7 8 9 10 11 12

LB 131 705 273 136 269 971 171 028 77 332 27 087 7453 1731 308 47 5 1 1
SB 211 779 329 961 246 895 117 802 40 148 10 565 2174 421 50 7 1 2 0

Table 2.1: Observed number of matching loci out of 27 aSTRs for n = 1386 individuals using
length-based (LB) and sequence-based (SB) data.

Figure 2.1: Observed number of matching loci out of 27 for pairwise comparisons of n = 1386
individuals for length-based (LB) and sequence-based (SB) autosomal STR data.

Table 2.2 shows single-locus match probabilities for both length-based and sequence based

allele callings assuming no population structure. As expected, matching proportions are

smaller for sequence data as compared to length-based data. The decrease is more dramatic

for loci that show more sequence variation, with the most polymorphic markers showing a

decrease in matching proportions of more than 70% (76.0% decrease for D21S11 and 72.4%

decrease for D12S391). Instances where the matching proportions get underestimated are

highlighted in red. Results show that sequence data more often lead to an underestimation

of the observed matching proportion as compared to length-based data (13 out of 27 loci,

compared to 11 out of 27 loci, respectively). Locus D5S818 is the only marker that shows an
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underestimation for length-based data, but not for sequence data.

Length-based Sequence-based

Locus Alleles Obs Exp Entropy Alleles Obs Exp Entropy

D21S11 27 0.0402 0.0416 3.6154 116 0.0096 0.0102 5.1469
D12S391 24 0.0280 0.0273 3.9666 95 0.0077 0.0073 5.5892
D2S1338 13 0.0210 0.0213 3.9906 71 0.0087 0.0085 5.2406
vWA 12 0.0590 0.0604 3.0269 40 0.0336 0.0343 3.9014
D3S1358 11 0.0938 0.0937 2.6100 35 0.0245 0.0233 4.0953
D8S1179 11 0.0550 0.0551 3.1861 35 0.0174 0.0175 4.4430
D13S317 8 0.0733 0.0716 2.9167 31 0.0242 0.0236 4.0189
D1S1656 18 0.0212 0.0213 4.0977 38 0.0124 0.0127 4.7512
FGA 28 0.0291 0.0293 3.8352 43 0.0282 0.0284 3.9382
D18S51 22 0.0255 0.0261 3.8882 34 0.0247 0.0252 3.9699
D6S1043 29 0.0308 0.0309 3.8698 41 0.0303 0.0304 3.9445
D9S1122 11 0.1411 0.1390 2.3205 23 0.0574 0.0556 3.3452
D5S818 9 0.1084 0.1076 2.6050 20 0.0519 0.0523 3.5170
D19S433 16 0.0539 0.0541 3.4337 26 0.0525 0.0527 3.5039
D2S441 15 0.0836 0.0842 2.8329 25 0.0575 0.0570 3.3557
PentaE 25 0.0134 0.0132 4.5549 33 0.0131 0.0129 4.5949
CSF1PO 9 0.1039 0.1049 2.5944 15 0.1030 0.1035 2.6269
D16S539 9 0.0721 0.0721 2.8593 14 0.0716 0.0716 2.8807
D7S820 12 0.0698 0.0695 2.8892 16 0.0694 0.0690 2.9055
D17S1301 10 0.1575 0.1585 2.1498 13 0.1562 0.1572 2.1745
D4S2408 7 0.0887 0.0938 2.5388 10 0.0697 0.0730 2.8155
D10S1248 12 0.0825 0.0823 2.7815 14 0.0824 0.0821 2.7882
D22S1045 11 0.0931 0.0898 2.7847 13 0.0929 0.0895 2.7931
D20S482 11 0.1351 0.1352 2.4012 12 0.1350 0.1350 2.4054
PentaD 16 0.0363 0.0358 3.6439 17 0.0361 0.0356 3.6548
TH01 8 0.0742 0.0769 2.7186 9 0.0740 0.0767 2.7264
TPOX 9 0.1373 0.1356 2.3799 10 0.1372 0.1354 2.3839

Table 2.2: Observed (Obs) and expected (Exp) match probabilities assuming no population structure
and single-locus entropy per aSTR locus ordered by increase in the number of alleles comparing
length-based (LB) and sequence-based (SB) data. Expected values that underestimate observations
are highlighted in red.

Entropy measures can give us an idea which markers lead to the most discriminating DNA

profiles and it can be seen from Tables 2.2 and 2.3 that this set does not necessarily include

the loci with the most observed number of alleles. For length-based data, locus PentaE

shows the highest single-locus entropy value of 4.5549. The 2-locus entropy conditional on

this marker is highest for locus D2S1338, with a combined entropy of 6.9979. Note that

the conditional entropy 2.4429 is smaller than the single-locus entropy 3.9906 of the selected

marker D2S1338, giving further evidence of dependencies across markers. After selecting

a set of five markers, consisting of PentaE, D2S1338, D12S391, D4S2408, and TH01, the
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conditional entropy reaches zero for all remaining loci and a maximum combined entropy of

7.2174 is reached. In other words, all profiles for the 1386 individuals in our data set occur

only once with just this set of loci. For sequence-based data the total combined entropy is

7.2218, which is reached with a selection of only three markers. Locus D12S391 shows the

highest single-locus entropy in this case with a value of 5.5892. Combining this locus with

markers D2S1338 and D13S317 gives a selection that leads to unique multi-locus profiles

within our data set. Locus D21S11 with the most observed number of sequence-based alleles

appears in neither of the sets. Match probabilities are a better indicator of loci being selected

based on entropy measures as they account for allele frequencies. Locus D21S11, for example,

shows most of the increase in the number of alleles in the form of singletons (44.8%), leading

to relatively higher matching proportions and lower single-locus entropy compared to markers

with more evenly distributed alleles among individuals. In that sense, markers D12S391 and

D2S1338 are more valuable with a proportion of 23.2% and 21.1% of singletons, respectively.

These markers show smaller match probabilities and relatively higher single-locus entropies

as compared to locus D21S11.

Entropy

Locus Single Combined Conditional

Length-based

PentaE 4.5549 4.5549 4.5549
D2S1338 3.9906 6.9978 2.4429
D12S391 3.9666 7.2113 0.2136
D4S2408 2.5388 7.2164 0.0051
TH01 2.7186 7.2174 0.0010
D1S1656 4.0977 7.2174 0.0000
Sequence-based

D12S391 5.5892 5.5892 5.5892
D2S1338 5.2406 7.1651 1.5759
D13S317 4.0189 7.2218 0.0567
D21S11 5.1469 7.2218 0.0000

Table 2.3: Set of markers with non-zero conditional entropy for length-based and sequence-based
aSTR data.

Figure 2.2 displays multi-locus matching proportions for sequence-based data for all 2,

3, 4, and 5-locus combinations obtained by invoking the product rule. The assumption of

independence works reasonably well for 2 and 3-locus matches (top), with the linear regression
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fitted line closely following the identity line. Results become less conservative the more loci

we include (bottom) and the slope of the linear regression fit decreases from 0.95 for 3-locus

matches to 0.87 and 0.64 for 4-locus and 5-locus matches, respectively. The violation of the

independence assumption is exacerbated for sequence-based data as compared to length-based

data, with the latter showing a decrease in slope from 0.97, to 0.91, to 0.74 for 3, 4, and 5-locus

matching, respectively.

Figure 2.2: Products of 1-locus matching proportions vs. observed 2, 3, 4, and 5-locus matching
proportions (from left to right, top to bottom) for sequence-based aSTR data. Solid black lines
indicate the identity line and dashed red lines are a linear regression fit to the data.

To account for multi-locus dependencies, we calculated single-locus expectations for theta

values in the range of θ ∈ {0.005, 0.01, 0.03, 0.05}. Supplementary Table 2.8 shows the updated

values for both length-based and sequence-based data for all 27 autosomal markers. Using

these values, we can construct expected multi-locus match probabilities by multipying the

theta-corrected single-locus expectations over a set of markers. Figure 2.3 displays 5-locus

matching proportions for both length-based and sequence-based data using the different theta

corrections to compensate for multi-locus dependencies. Since our matching proportions
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generally decrease for sequence data as compared to length-based data, it can be seen that

the data points for the former are more concentrated in the lower left corner of the plot.

The proportion of conservative results (i.e., when expected values are greater than observed

values) increases from 28.6% using no theta correction to 87.5% when using a theta value

of θ = 0.03 for length-based data. For sequence-based data these proportions are 12.3%

and 64.7%, respectively. Using a theta value of θ = 0.05 increases the proportions to over

90%. Table 2.4 shows the proportion of conservative estimates for up to 5-locus matches for

both data types. It can again be seen that sequence-based results are less conservative than

length-based results.

Figure 2.3: Matching proportions for 5-locus matches for different theta values for length-based (left)
and sequence-based (right) aSTR data.

Loci Type θ = 0 θ = 0.005 θ = 0.01 θ = 0.03 θ = 0.05

1 LB 0.593 0.963 1.000
1 SB 0.519 0.963 1.000
2 LB 0.499 0.946 0.989 1.000
2 SB 0.359 0.903 0.974 1.000
3 LB 0.440 0.857 0.979 1.000
3 SB 0.349 0.734 0.930 1.000
4 LB 0.443 0.666 0.842 0.998
4 SB 0.327 0.506 0.682 0.977
5 LB 0.286 0.390 0.505 0.875 0.984
5 SB 0.123 0.188 0.268 0.647 0.902

Table 2.4: Proportion of conservative predictions for up to 5-locus matches with different theta values
for length-based (LB) and sequence-based (SB) aSTR data.
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Identity-informative SNPs

For the identity-informative SNPs (iiSNPs) we resort to the 350 1000GP samples to com-

pare 350 · 349/2 = 61 075 pairs of individuals. All pairs match at a minimum of 16 iiSNPs

out of the 94 total markers. Two pairs of individuals have as many as 58 matching loci. The

average number of matching loci is 36.5 for this data set.

Figure 2.4: Observed and expected number of matching loci out of 94 identity-informative SNPs
for n = 350 individuals, with expected values under a binomial distribution with median single locus
match probability in red.

Figure 2.4 shows the observed number of matching loci combined over pairs. We tried to

approximate the observations with a binomial distribution by assuming independence over

markers and a constant match probability rate. The expected distribution of the number

of matching iiSNPs per pair of individuals was obtained by estimating the probability of a

match as the median single locus match probability over all 94 iiSNPs and seems to fit the

data well.

Single-locus match probabilities for all iiSNPs are displayed in Supplementary Table 2.9.

Assuming no population structure, a total of 16 markers underestimate the observed matching

proportion. While a theta correction of 0.01 yielded conservative results for all autosomal

67



STR markers on a single-locus basis, for iiSNPs this required increasing the theta value to

0.10. This is in line with earlier studies showing higher theta values for SNPs due to the lower

mutation rates as compared to STRs [78].

In contrast to what Figure 2.4 may suggest, we do not expect complete independence be-

tween iiSNP markers. It is difficult to examine to what extent multi-locus match probabilities

depart from products of single-locus probabilities. One reason for this is the number of pos-

sible combinations. For the 27 autosomal STR markers, there are
(
27
5

)
= 80 730 combinations

to consider when looking at 5-locus matches. For the iiSNPs, the number of combinations

increases to almost 55 million when choosing from a set of 94 markers, leading to compu-

tational difficulties. The second problem relates to limitation of the data set, as we simply

do not expect to see any matches beyond a certain number of loci with just a few hundred

individuals.

One workaround to deal with the number of combinations is to take samples of possible

combinations for a given number of loci. For the iiSNPs, we’ve looked at N = 10 000 random

10-, 11-, and 12-locus combinations and calculated observed and expected match probabilities

within these samples. Figure 2.5 displays the results for 10-locus iiSNP combinations assum-

ing no population structure (θ = 0, in red) and when using a theta correction of θ = 0.10.

We observe a similar trend as seen with the autosomal STR markers where we see an under-

estimation of match probabilities when employing the product rule and we can compensate

for multi-locus dependencies by using an appropriate theta value.

Table 2.5 shows the proportion of conservative results for different theta values and we

see again that results become less conservative with increasing number of loci. Going beyond

12-locus matches proves difficult as we do not expect to see any matches when considering

only a subset of the total number of possible combinations. While every pair of individuals in

this data set matches at least at 16 iiSNPs, for the 12-locus matches 44% of the N = 10 000

random combinations resulted in a selection of markers with no observed matches. Since

expected values are always positive, results would still be conservative in case of no observed

matches. Larger data sets would be required to obtain more meaningful results.

An alternative option is to look at entropy measures for iiSNPs. Table 2.6 shows the
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Figure 2.5: Observed and expected matching proportions for a random sample of N = 10 000 10-locus
iiSNP combinations under the product rule (θ = 0) and when using a theta correction of θ = 0.10.
The solid black line indicates the identity line and dashed lines are a linear regression fit to the data.

Loci θ = 0 θ = 0.01 θ = 0.03 θ = 0.05 θ = 0.10

10 0.685 0.759 0.885 0.964 1.000
11 0.639 0.700 0.812 0.904 0.995
12 0.590 0.645 0.758 0.850 0.978

Table 2.5: Proportion of conservative predictions for different theta values based on random samples
of N = 10 000 10-, 11-, and 12-locus combinations selected from 94 iiSNPs.

set of markers with non-zero conditional entropy. The nine listed iiSNP markers result in a

selection after which no additional discriminatory power is seen for our limited data set. We

also note that single-locus entropy values are much smaller compared to STR markers, due

to the limited value of bi-allelic markers as compared to multi-allelic markers. We observe

further evidence of dependencies between markers since combined entropies are smaller than

the sum of single-locus entropies.

Y-chromosome STRs

We now briefly turn to Y-STR data to assess the impact of sequence variation on this set

of markers. For the Y-chromosome STR markers we consider a total of 1104 individuals and
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Entropy

Locus Single Combined Conditional

rs1335873 1.0965 1.0965 1.0965
rs1493232 1.0848 2.1711 1.0746
rs576261 1.0543 3.2134 1.0424
rs1015250 1.0765 4.2250 1.0115
rs214955 1.0663 5.0261 0.8011
rs917118 1.0684 5.5363 0.5102
rs1463729 1.0549 5.7482 0.2119
rs354439 1.0741 5.8186 0.0704
rs2107612 0.8886 5.8348 0.0162
rs1528460 1.0959 5.8348 0.0000

Table 2.6: Set of markers with non-zero conditional entropy for iiSNP data.

most pairs of profiles show a match at five different loci. For length-based data, the average

number of matching loci is 6.81, and this decreases to 6.44 for sequence-based data. Figure

2.6 shows the number of m-locus matches out of 24 Y-STR markers within our data set. Two

different pairs of individuals share the same Y-STR haplotype such that we observe a total

of 1102 unique profiles in our data set.

Figure 2.6: Observed number of matching loci out of 24 for pairwise comparisons of n = 1104
individuals for length-based (LB) and sequence-based (SB) Y-STR data.

We observe again a decline in information provided by adding additional markers after see-
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ing a subset of markers due to the lack of independence between different loci. Supplementary

Table 2.10 shows the entropy values for both length-based and sequence-based Y-STR data

ordered by conditional entropy. For length-based data it can be seen that we do not observe

additional discriminating power beyond a set of 13 loci. For sequence data, the conditional

entropy reaches zero after adding 12 loci for our data set. Both sets show a similar set of

markers and include the multi-copy markers DYS385 and DYF387, with the latter showing

the greatest increase in sequence variation and single-locus entropy. The length-based set of

non-zero conditional entropy markers includes markers DYS391 and DYS481, which are not

included in the sequence-based set. The sequence-based set in turn includes marker DYS390,

showing a substantial increase in sequence variation.

Match probabilities across systems

Besides characterizing the extent of independence of match probabilities within a system,

we can also assess this property across systems. Figure 2.7 shows the number of matching

aSTR and iiSNP markers for each pair of individuals in the 1000GP data set. Results are

shown for both length-based (in red) and sequence-based (in blue) aSTR data and we observe

an expected decrease in number of matching loci when introducing sequence variation. While

the number of matching aSTR versus iiSNP markers varies substantially among individuals,

we do observe a small but significant positive slope value of 0.053 (p < 0.01) and 0.088

(p < 0.001) for a linear regression fit to length-based and sequence-based data, respectively.

We can also compare multi-locus observed number of matches within the data set to the

expected number based on the assumption of independence between systems. To account for

dependencies between systems we can invoke a theta correction when calculating expected

joint match probabilities. Table 2.7 shows results for both length-based and sequence-based

data when calculating match probabilities for several combinations of aSTR and iiSNP mark-

ers based on N = 10 000 random multi-locus combinations. To obtain conservative estimates

for multi-locus matches across different marker systems, it can be seen that it is necessary

to invoke a theta correction for each of the marker sets, and that these sets may come with

different theta values.
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Figure 2.7: Number of matching aSTRs (out of 27) and iiSNPs (out of 94) for pairs of 350 individuals
for length-based (LB) and sequence-based (SB) data.

Discussion

With the introduction of sequencing technologies, previously unknown alleles and more overall

variability has been found for mainly complex and compound STRs [33]. A substantial

increase in the number of alleles does not, however, automatically mean that there is also

a great gain in discrimination via sequencing. Improvements will be minimal when a locus

is already highly polymorphic by length, as also noted by Gettings et al. [29], or when the

added variation occurs mainly in the form of singletons.

In general, match probabilities will decrease for sequence data when it leads to an increase

in the number of observed alleles within one locus. For autosomal STRs, our work shows that

multi-locus match probabilities may be less conservative for sequence data as compared to

length-based data. We recognize that our observed values are impacted by the existence of

sampling variation, and results may differ with the use of larger data sets. Nevertheless, we

see similar effects of sequence data on match probabilities as observed in literature [46, 77],

highlighting the need to account for multi-locus dependencies. We can compensate for multi-
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# Markers θaSTR = 0, θaSTR = 0.03, θaSTR = 0.03,
STR SNP θ = 0 θiiSNP = 0.10 θiiSNP = 0 θiiSNP = 0.10

Length-based

1 1 0.791 0.991 1.000 1.000
1 2 0.810 0.999 0.998 1.000
1 10 0.734 0.873 0.740 0.909
2 2 0.626 0.905 0.998 1.000
2 3 0.620 0.893 0.967 0.997
2 4 0.609 0.880 0.902 0.988
2 5 0.599 0.853 0.835 0.974
3 3 0.628 0.712 0.834 0.914
3 4 0.731 0.783 0.815 0.883
Sequence-based

1 1 0.774 0.950 1.000 1.000
1 2 0.773 0.982 0.998 1.000
1 10 0.788 0.882 0.792 0.907
2 2 0.555 0.804 0.989 0.999
2 3 0.590 0.834 0.948 0.992
2 4 0.579 0.794 0.874 0.966
2 5 0.624 0.809 0.825 0.952
3 3 0.744 0.780 0.842 0.894
3 4 0.848 0.868 0.878 0.908

Table 2.7: Proportion of conservative predictions for joint match probabilities of aSTR and iiSNP
data using both length-based and sequence-based data with different theta values based on N = 10 000
random multi-locus combinations.

locus dependencies using a theta correction as outlined in Recommendation 4.10 from the

1996 NRC report [52]. It is common in forensic evidence evaluations to use a theta value of

around 0.03 for autosomal STR markers [62, 10] and it has been shown that sequence data

has similar effects on theta estimates as length-based data [2]. However, there exists a trade-

off between obtaining conservative match probabilities and providing accurate estimates of

the observed matching proportions. In practice, the selected theta value may depend on the

forensic application. The application to a criminal trial may put more importance on being

conservative in order to avoid prejudice to the defense, which comes with the need for higher

theta values, while the use of lead-generating techniques may prefer optimizing accuracy.

We also showed that the existence of dependencies between markers within a system

means that there is a diminishing return on adding more loci beyond a certain point and that

this point may be reached sooner for sequence data. For Y-STR data, the set of non-zero

conditional entropy markers consisted of 13 length-based and 12 sequence-based markers.
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For autosomal STR markers, this point was reached after adding five length-based and three

sequence-based markers. While highly variable loci are often selected to obtain maximally

informative profiles, such markers may not necessarily be included. The data type used has

an effect on the selection and we saw that the set of markers for length-based and sequence-

based data may show non-overlapping loci. The order in which markers are added to the set

may vary as well. These observations are in line with work from Hall, who showed entropy

results for length-based Y-STR data and found variations between different data sets as well

as for different regional ethnicity groups [37].

One of the advantages of sequencing technologies is the capacity to produce data on a

combination of different marker systems, often including SNPs alongside STR markers. The

ForenSeq DNA Signature Prep Kit reports a set of 94 identity-informative SNPs, chosen

based on their low allele frequency variation among populations while remaining informative

[56, 44]. It is currently unclear how the forensic community is planning to incorporate such

markers but we caution against the practice of adding more markers for the sole purpose of

increasing the discriminatory power while assuming independence between different marker

systems. Even for bi-allelic markers, assuming independence for the iiSNPs will quickly yield

extremely small expectations with increasing number of markers. Combining over all 94 loci,

the expected match probability assuming no population structure is of the order 10−38. This

is in line with the reported numbers in Davenport et al. [17], who highlight the possibility of

decreasing the match probabilities even more by including additional flanking region variation.

The notion of independence or population structure is not mentioned by Davenport et al.,

while our results show that employing a product rule for iiSNPs may cause concern and are

concordant with earlier studies investigating the independence assumption for SNP data [46].

Other studies have investigated the consequences of combining different marker systems

on the weight of the evidence and showed that likelihood ratios may be overestimated if

linkage is ignored [72, 85]. While the effect of linkage between STR and iiSNP pairs was

reported to be minimal on average [72], our results demonstrate the occurrence of multi-locus

dependencies even for unlinked loci. Some work has been done on estimating adjusted theta

values for the combination of autosomal and Y chromosome match probabilities [74, 11], but
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it remains to be seen if such joint theta measures will be adequate for data generated by

sequencing methods.

DNA profiles show dependencies, even for unrelated individuals, and we cannot assume

independence between markers within systems nor between systems. The extent of such de-

pendencies differ between marker system, due to differences in mutation rates and inheritance

patterns. As such, each system comes with their own theta value and we can incorporate these

into our calculations to obtain multi-locus match probabilities. Nevertheless, it is difficult to

assess how large such values should be to avoid overestimating the weight of the evidence.

Appendix A: Expected match probabilities

For autosomal data, a pair of individuals can share either 0, 1, or 2 pairs of alleles identical by

state (ibs) at each locus. Individuals are said to “match” when they share 2 alleles ibs and we

can calculate the expected probability by summing over the joint genotypic probabilities for

homozygous and heterozygous types. The sampling formula as derived by Balding and Nichols

allows us to assess such probabilities [5]. If n alleles have been sampled from a population

and nu are of type Au, the probability of observing another allele of the same type is

Pr(Au|nu of Au in n) =
nuθ + (1− θ)πu

1 + (n− 1)θ
,

where πu is the probability an allele is of type Au and θ is the probability of identity by

descent (ibd) for two alleles drawn randomly from a population. With this formula we can

construct the probability of observing a homozygous profile Pr(AuAu) = π2u + θπu(1 − πu)

and a heterozygous profile Pr(AuAv) = 2πuπv(1 − θ). More importantly, it directly leads to

the match probabilities as endorsed by the 1996 NRC report [52], which are now widely used

in forensic applications:

Pr(AuAu|AuAu) =
[3θ + (1− θ)πu][2θ + (1− θ)πu]

(1 + θ)(1 + 2θ)

Pr(AuAv|AuAv) =
2[θ + (1− θ)πu][θ + (1− θ)πv]

(1 + θ)(1 + 2θ)
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Combining results gives us the following joint genotypic probabilities:

Pr(AuAu, AuAu) = Pr(AuAu|AuAu) Pr(AuAu)

=
πu[θ + (1− θ)πu][3θ + (1− θ)πu][2θ + (1− θ)πu]

(1 + θ)(1 + 2θ)

Pr(AuAv, AuAv) = Pr(AuAu|AuAu) Pr(AuAv)

=
4πuπv(1− θ)[θ + (1− θ)πu][θ + (1− θ)πv]

(1 + θ)(1 + 2θ)

By summing over all possible alleles at a locus we get the probability P2(θ) that two individuals

share both alleles:

P2(θ) =
∑
u

Pr(AuAu, AuAu) +
1

2

∑
u

∑
v 6=u

Pr(AuAv, AuAv)

=
1

D
[6θ3 + θ2(1− θ)(2 + 9S2) + 2θ(1− θ)(2S2 + S3) + (1− θ3)(2S2

2 − S4)],

where D = (1 + θ)(1 + 2θ) and Sk =
∑

u π
k
u.

Similar expressions can be obtained for the probability of a mismatch or partial match.

Since the analysis on a single-locus basis is not applicable to Y-STR markers due to the

absence of recombination, match probabilities for Y-STR data are based on haplotype pro-

portions. The sampling formula can still be applied and the probability of two individuals

sharing a Y-STR haplotype is
∑

u Pr(Au, Au) =
∑

u π
2
u(1− θ) + θ, where θ is the probability

of ibd for two haplotypes drawn randomly from a population and πu is the probability that

a haplotype is of type Au.
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Expected

Locus Observed θ = 0 θ = 0.01 θ = 0.03 θ = 0.05 θ = 0.10

rs1005533 0.3857 0.3887 0.3922 0.3997 0.4077 0.4295
rs10092491 0.3866 0.3950 0.3989 0.4069 0.4154 0.4381
rs1015250 0.3454 0.3796 0.3825 0.3889 0.3960 0.4163
rs1024116 0.4047 0.4144 0.4192 0.4288 0.4385 0.4635
rs1028528 0.3403 0.3778 0.3807 0.3869 0.3938 0.4137
rs1031825 0.3593 0.3785 0.3814 0.3877 0.3947 0.4147
rs10488710 0.3923 0.4020 0.4062 0.4149 0.4239 0.4475
rs10495407 0.4470 0.4525 0.4584 0.4699 0.4812 0.5087
rs1058083 0.3894 0.3819 0.3850 0.3917 0.3990 0.4197
rs10773760 0.3999 0.4051 0.4095 0.4185 0.4276 0.4516
rs10776839 0.3698 0.3847 0.3879 0.3950 0.4026 0.4237
rs1109037 0.3612 0.3767 0.3795 0.3856 0.3923 0.4120
rs1294331 0.3640 0.3920 0.3957 0.4035 0.4117 0.4340
rs12997453 0.3940 0.3961 0.4000 0.4082 0.4167 0.4396
rs13182883 0.3679 0.3814 0.3845 0.3911 0.3984 0.4190
rs13218440 0.4060 0.3850 0.3883 0.3953 0.4030 0.4241
rs1335873 0.3328 0.3755 0.3781 0.3840 0.3907 0.4101
rs1336071 0.3704 0.3851 0.3884 0.3955 0.4031 0.4243
rs1355366 0.3659 0.3915 0.3951 0.4029 0.4111 0.4333
rs1357617 0.5160 0.5079 0.5146 0.5274 0.5397 0.5685
rs1360288 0.4211 0.4221 0.4271 0.4372 0.4474 0.4730
rs1382387 0.3682 0.3906 0.3943 0.4020 0.4101 0.4322
rs1413212 0.3767 0.3945 0.3984 0.4064 0.4149 0.4375
rs1454361 0.3686 0.3856 0.3889 0.3961 0.4038 0.4250
rs1463729 0.3582 0.3853 0.3886 0.3957 0.4034 0.4246
rs1490413 0.3857 0.3767 0.3795 0.3856 0.3923 0.4120
rs1493232 0.3403 0.3772 0.3799 0.3861 0.3929 0.4127
rs1498553 0.3627 0.3751 0.3777 0.3836 0.3902 0.4095
rs1523537 0.3700 0.3769 0.3796 0.3857 0.3925 0.4122
rs1528460 0.3332 0.3752 0.3779 0.3838 0.3904 0.4098
rs159606 0.3862 0.3923 0.3960 0.4039 0.4121 0.4344
rs1736442 0.3622 0.3915 0.3952 0.4029 0.4111 0.4333
rs1821380 0.3723 0.3844 0.3876 0.3946 0.4022 0.4233
rs1886510 0.4476 0.4525 0.4584 0.4699 0.4812 0.5087
rs1979255 0.3842 0.3844 0.3876 0.3946 0.4022 0.4233
rs2040411 0.3741 0.3876 0.3911 0.3984 0.4063 0.4279
rs2046361 0.3528 0.3822 0.3853 0.3921 0.3994 0.4201
rs2056277 0.5963 0.5950 0.6018 0.6146 0.6267 0.6541
rs2076848 0.3843 0.3956 0.3995 0.4076 0.4162 0.4389
rs2107612 0.4461 0.4480 0.4537 0.4651 0.4763 0.5036
rs2111980 0.3624 0.3790 0.3820 0.3883 0.3954 0.4155
rs214955 0.3539 0.3752 0.3779 0.3838 0.3904 0.4098
rs221956 0.3864 0.3955 0.3994 0.4075 0.4160 0.4388
rs2269355 0.3796 0.3754 0.3780 0.3839 0.3906 0.4099
rs2342747 0.4005 0.4083 0.4128 0.4220 0.4313 0.4556
rs2399332 0.3766 0.3932 0.3970 0.4049 0.4132 0.4356
rs251934 0.4481 0.4514 0.4572 0.4687 0.4800 0.5074
rs279844 0.3591 0.3751 0.3777 0.3835 0.3902 0.4095
rs2830795 0.4239 0.4336 0.4390 0.4497 0.4603 0.4868
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rs2831700 0.3712 0.3838 0.3870 0.3939 0.4015 0.4224
rs2920816 0.3811 0.3992 0.4033 0.4117 0.4205 0.4438
rs321198 0.3634 0.3778 0.3807 0.3869 0.3938 0.4137
rs338882 0.3760 0.3757 0.3783 0.3843 0.3909 0.4104
rs354439 0.3486 0.3750 0.3776 0.3835 0.3901 0.4094
rs3780962 0.3862 0.3770 0.3797 0.3859 0.3927 0.4124
rs430046 0.3967 0.3959 0.3999 0.4080 0.4166 0.4394
rs4364205 0.3888 0.3869 0.3903 0.3976 0.4054 0.4269
rs445251 0.3778 0.3829 0.3861 0.3930 0.4004 0.4212
rs4530059 0.4039 0.4089 0.4134 0.4227 0.4321 0.4565
rs4606077 0.4208 0.4083 0.4128 0.4220 0.4313 0.4556
rs560681 0.4308 0.4057 0.4101 0.4191 0.4284 0.4524
rs576261 0.3617 0.3764 0.3791 0.3851 0.3919 0.4115
rs6444724 0.3641 0.3764 0.3791 0.3851 0.3919 0.4115
rs6811238 0.3614 0.3774 0.3802 0.3863 0.3932 0.4130
rs6955448 0.4137 0.4189 0.4238 0.4338 0.4437 0.4691
rs7041158 0.3856 0.4029 0.4072 0.4160 0.4250 0.4487
rs717302 0.3807 0.3989 0.4030 0.4115 0.4202 0.4434
rs719366 0.4347 0.4415 0.4471 0.4582 0.4692 0.4961
rs722098 0.3509 0.3757 0.3784 0.3844 0.3910 0.4105
rs722290 0.3704 0.3750 0.3776 0.3835 0.3901 0.4094
rs727811 0.3409 0.3751 0.3778 0.3836 0.3902 0.4096
rs729172 0.4610 0.4622 0.4683 0.4801 0.4917 0.5196
rs733164 0.4401 0.4365 0.4419 0.4528 0.4636 0.4902
rs735155 0.3364 0.3757 0.3783 0.3843 0.3909 0.4104
rs737681 0.3725 0.3964 0.4004 0.4086 0.4172 0.4401
rs740598 0.3930 0.3981 0.4021 0.4105 0.4192 0.4423
rs740910 0.5370 0.5323 0.5391 0.5521 0.5645 0.5932
rs763869 0.3905 0.3792 0.3822 0.3886 0.3956 0.4158
rs8037429 0.3655 0.3771 0.3799 0.3860 0.3928 0.4126
rs8078417 0.4208 0.4213 0.4263 0.4364 0.4465 0.4720
rs826472 0.4689 0.4700 0.4762 0.4883 0.5000 0.5282
rs873196 0.4771 0.4791 0.4855 0.4978 0.5097 0.5381
rs876724 0.4216 0.4290 0.4342 0.4447 0.4552 0.4813
rs891700 0.3625 0.3750 0.3776 0.3835 0.3901 0.4094
rs901398 0.4103 0.4144 0.4192 0.4288 0.4385 0.4635
rs907100 0.3490 0.3796 0.3826 0.3890 0.3961 0.4164
rs914165 0.3563 0.3753 0.3780 0.3839 0.3905 0.4099
rs917118 0.3507 0.3794 0.3824 0.3888 0.3959 0.4161
rs938283 0.6170 0.6216 0.6282 0.6407 0.6524 0.6789
rs964681 0.4233 0.4299 0.4351 0.4457 0.4562 0.4824
rs987640 0.3606 0.3752 0.3779 0.3838 0.3904 0.4098
rs9905977 0.4085 0.4034 0.4076 0.4164 0.4255 0.4493
rs993934 0.3801 0.3821 0.3853 0.3920 0.3994 0.4201
rs9951171 0.3762 0.3787 0.3816 0.3879 0.3949 0.4149

Table 2.9: Observed and expected match probabilities per iiSNP marker for different theta values.
Expected values that underestimate observations are highlighted in red.
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Chapter 3

Perceptions of forensic scientists on statistical models,

sequence data, and ethical implications for DNA evidence

evaluations: a qualitative assessment

This chapter is based on Sanne E. Aalbers, Alyna T. Khan, Bruce S. Weir. Perceptions

of forensic scientists on statistical models, sequence data, and ethical implications for DNA

evidence evaluations: a qualitative assessment. Forensic Science International: Synergy 6

(2023). https://doi.org/10.1016/j.fsisyn.2023.100335.

Abstract

With the introduction of next generation sequencing (NGS) technology in the forensic field,

it will be of interest to assess if forensic scientists feel equipped to interpret and present DNA

evidence for sequence data. Here, we describe perceptions of sixteen U.S.-based forensic

scientists on statistical models, sequence data, and ethical implications for DNA evidence

evaluations.

To get an in-depth understanding of the current situation, we used a qualitative research

approach with a cross-sectional study design. Semi-structured interviews (N = 16) were

conducted with U.S. forensic scientists working with DNA evidence. Open-ended interview

questions were used to explore participants’ views and needs surrounding the use of statistical

models and sequence data for forensic purposes. We conducted a conventional content analysis

using ATLAS.ti software and employed a second coder to ensure reliability of our results.

Eleven themes emerged: 1) a statistical model that maximizes the value of the evidence is
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preferred; 2) a high-level understanding of the statistical model used is generally sufficient; 3)

transparency is key in minimizing the risk of creating black boxes; 4) training and education

should be an ongoing effort; 5) the effectiveness of presenting results in court can be improved;

6) NGS has the potential to become revolutionary; 7) some hesitations surrounding the use

of sequence data remain; 8) there is a need for a concrete plan to alleviate barriers to the

implementation of sequencing techniques; 9) ethics plays a major part in the role of a forensic

scientist; 10) ethical barriers for sequence data depend on the application; 11) DNA evidence

has its limitations.

The results of this study give insight into the perceptions of forensic scientists regarding

the use of statistical models and sequence data, providing valuable information in the move

towards implementing sequencing methods for DNA evidence evaluations.

Introduction

DNA typing is a mature field and overwhelmingly seen as the gold standard in forensic

evidence. The interpretation of DNA evidence, however, is far from straightforward and

challenges arise when evaluating complex profiles and assessing the statistical weight of the

evidence. Accurate representation of forensic evidence in court is crucial to avoid misinter-

pretations and, ultimately, to reduce the possibility of a miscarriage of justice. This not

only requires sensible models that can handle the complexity associated with DNA profiles,

but also an understanding of the methods used by forensic scientists who will be writing the

reports and potentially serving as expert witnesses in court.

In general, when reporting an inclusion, admissible DNA evidence in court needs to be

accompanied by a quantitative statement. The forensic scientist is often requested to provide

additional meaning to these results. Although the scientific evidence is restricted to the DNA

profile, the trier of fact needs to incorporate this to decide on the ultimate issue of guilt. This

requires additional links between the evidence and an inference of contact with the crime scene

as well as an association with the crime, while also incorporating all other relevant information

available. Correct presentation of the DNA results by the forensic expert is crucial to ensure
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that statements are related only to probabilities regarding the DNA evidence.

Valid probabilistic reasoning is not easy and numerous studies have been conducted show-

ing the occurrence of fallacies manifesting within the forensic community [21, 43, 59, 71].

Over the years, mitigation strategies have been proposed to reduce the effect of bias in foren-

sic decision-making [22, 53]. To increase our understanding of how forensic scientists feel

about interpreting and presenting DNA evidence, it will be valuable to obtain direct input

from this group. Such studies have the potential to illuminate the barriers faced by these

professionals and can serve as guidance for the implementation of statistical models for new

techniques and applications. This is especially timely in light of the transformation of current

approaches to the incorporation of next generation sequencing (NGS) technology.

Early research has focused on the perceptions of sequencing technologies within the field

through surveys and highlighted opinions on current use, future views, and challenges in

forensics [26]. To get a more in-depth understanding of the current situation, we conducted

a qualitative study involving interviews with U.S. forensic scientists working with DNA evi-

dence. The objective of this study was to describe the views and needs of these professionals

surrounding the use of statistical models and sequence data for forensic purposes.

Methods

Study design

We conducted a cross-sectional study involving forensic scientists based in the U.S. and

working with DNA evidence. Semi-structured interviews were used to explore the views and

needs of this group of professionals over three domains. The first two domains focused on

the application of statistical models and use of sequence data in forensic DNA evidence eval-

uations, respectively. The final part assessed some ethical topics concerning these concepts.

An interview guide was developed with open-ended questions over the three domains and

subsequently refined using a key informant (see the Appendix for a detailed overview of the

final guide). A mock interview was conducted before proceeding with official interviews. All

study activities were reviewed and approved by the University of Washington Human Subjects
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Division.

Recruitment

We reached out to the organization behind the International Symposium on Human Iden-

tification (ISHI) for recruitment purposes. ISHI is the largest symposium focusing solely

on DNA forensics with about 1,000 forensic experts from around the world attending their

yearly event1. They agreed to use their network to reach out to 90 individuals who previ-

ously attended NGS-based workshops. Initial emails sent out by the organization contained

a study description and a link to an external form where people could indicate their interest

in participating in the study and leave their contact information. We followed up with those

individuals who expressed interest in participating with a second email asking for more back-

ground information to confirm eligibility and to set up a time for an interview. To increase

response rates, a second batch of recruitment took place by reaching out to our own contacts.

Individuals were eligible if they were employed by a U.S. forensic laboratory at the time of

the study and they worked with DNA evidence. Eligible candidates were invited to participate

in a one-time 45-minute confidential interview over Zoom. A modest incentive in the form of

a $25 gift card was offered in return for their participation, although not all participants could

accept this incentive. During recruitment, we collected background information on the size of

the workplace, number of years in the field, and whether or not the participant had experience

with court testimony. Our goal was to recruit individuals with different work experiences to

gather a range of perspectives. Recruitment took place over two months and resulted in

24 completed recruitment forms. A total of 16 individuals were successfully contacted and

interviewed. Of the remaining eight individuals, six did not respond to our follow-up emails

and two had to drop out due to personal circumstances.

Data collection

Data collection was performed over a period of three months (April – June 2022). Zoom

interviews were scheduled at a time convenient to the interviewee. All interviews were con-

ducted in English and digitally recorded. Verbal consent was obtained from each of the

1https://www.ishinews.com/ (Accessed February 23, 2023).
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participants at the beginning of the interview and included permission to record the inter-

view. The automatically generated audio transcription files of completed recordings were

manually curated to remove errors and to anonymize the data. The resulting transcripts were

assigned a unique identifier to ensure confidentiality.

Data analysis

ATLAS.ti v.9 [1] was used to support coding, analysis, and data management. Transcripts

were subjected to a conventional content analysis using a mixed approach of top-down and

open coding until code saturation was reached [49, 38]. A subset of transcripts was inde-

pendently coded and reviewed by a second coder. Coding differences were resolved through

discussion. We collapsed the final codes into initial themes and translated these into un-

derlying concepts as they emerged from the data. During the late-stage analysis, we used

groundedness (total occurrence of a code) and pervasiveness (occurrence over unique tran-

scripts) metrics to maximize our ability to identify all relevant themes.

Results

Participant characteristics

The participants of our study represented twelve different states from around the U.S.2

Their educational background included degrees in chemistry, biology, genetics, and forensic

science. Work experience with DNA evidence ranged from less than a year to over 33 years

(median of 13 years). The majority of interviewees indicated using probabilistic genotyping

(PG) software as part of their jobs and a handful described having been actively involved

in the validation process. Except for early-career scientists, almost every participant had

experience with expert testimony in a court setting. Most participants reported that their

workplaces did not use sequence data at the time of the interview and thus had no practical

experience working with it. Four participants reported to be in the validation process of a

sequencing technique or had recently completed validation and were working on implementa-

2The following states are represented in this study: Arizona, California, Colorado, Florida, Louisiana,
Minnesota, Nebraska, New York, North Carolina, Oklahoma, South Carolina, Washington.
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tion. Participant characteristics are summarized in Table 3.1.

Characteristic – N(%) N = 16

Work experience
≤ 5 years 5 (31.3%)
> 5 years 11 (68.7%)

Experience with court testimony
No 4 (25.0%)
Yes 12 (75.0%)

Use of statistical software
STRmix 11 (68.7%)
TrueAllele 2 (12.5%)
None or other (e.g., Popstats) 3 (18.8%)

Experience with sequence data
No 10 (62.5%)
Yes 2 (12.5%)
In validation/implementation 4 (25.0%)

Table 3.1: Participant characteristics.

Theme identification

Nine main themes emerged describing participants’ views and needs concerning the ap-

plication of statistical models and sequence data for forensic DNA evidence evaluations. Two

additional themes came up while exploring some ethical topics related to these concepts. The

themes are graphically illustrated in Figure 3.1 over the three domains.

Figure 3.1: Graphical illustration of the identified themes within each of three domains and areas of
overlap.
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Theme 1: A statistical model that maximizes the value of the evidence is preferred.

Participants expressed their support for probabilistic genotyping software and generally

preferred a statistical model that uses as much data as possible. Although there was agreement

that such models can be more difficult to understand, most (81%) noted that this should not

be a reason for resorting to more simplistic approaches.

“I wouldn’t think: ‘Oh it’s too difficult, I wish we didn’t have to do this’. If that’s

the best way to do it, then that’s the way we do it.” (P9)

“[F]or me it is 100% worth it to have a more complicated model in order to be

able to generate more accurate results, whether it’s an inclusion or an exclusion.”

(P7)

Others mentioned the need to find a middle ground between model complexity and an ana-

lyst’s needs. These participants highlighted the importance of keeping in mind the question

being asked, the quality of the data, and whether results can be explained well in court.

“I feel like it’s just this middle ground that we have to find where an analyst does

feel comfortable enough to talk about it and then understand what [the statistical

models] are saying.” (P2)

Overall, participants valued consistency and being able to use the same software for all cases.

They were looking for something they can trust and that is easy to use. Moreover, the forensic

scientists included in this study wanted to make sure that they are maximizing the value of

the evidence, which was considered most fair to all parties involved.

Theme 2: A high-level understanding of the statistical model used is generally sufficient.

While it may be preferred to have a full understanding of the models used during an

analysis, participants overwhelmingly agreed that this is not realistic or even needed in most

settings. Multiple participants used an analogy to describe their views on this topic:

“One analogy that I thought of is: I’ve taken a class on how to use a graphing

calculator. I can use a lot of functions on it, but do I know the programming that

went into it, to be able to do these things...?” (P8)
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“You have this analogy; it is so simple. I drive a car. I know how to drive the

car, but do I have to know how the engine works from top to bottom? Absolutely

not. I don’t know how to do that, nor do I want to learn. (P12)

We noted though that participants did feel responsible to not “just plug in data” and have

at least a high-level understanding of the statistical models used. This holds especially in

light of being able to adequately present results in court. Although a simplified explanation

is often preferred in a court setting, participants acknowledged that this required a strong

foundational knowledge of the statistical model.

“It’s not just about I press go, and then accept everything that comes out. [...] I

really need to understand how it’s working in order to present to court that I have

some confidence, that I trust what it’s doing.” (P13)

Furthermore, the required level of proficiency may also depend on the maturity of the tech-

nology.

“At the beginning of the technology, as it’s being introduced, yeah, you have to

have a really good understanding of it to be able to present it in court for the first

time. And then, as it gets more routine, I think it’s less important that you have

a deep dive understanding of it.” (P14)

Theme 3: Transparency is key in minimizing the risk of creating black boxes.

PG software has been criticized in the literature due to its perceived black box nature

[64] and the use of sophisticated modeling techniques has been the subject of several dis-

cussions within the forensic science community [12, 50, 65, 51, 7]. Participants understood

the sentiment and agreed that, from the outside, PG software can look like a “black box”,

especially in light of the underlying code not being readily accessible. However, this was not

necessarily seen as a problem or even a relevant issue. Participants highlighted the amount of

research, training, and validation that goes into setting up PG software for DNA casework.

They expressed trust in the software used within their labs, provided that the developers

remain transparent about their work.
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“I don’t love [the black box] part of it. I think it simplifies how much work goes

into understanding how it works within your lab setting, and how much work goes

into all the validation that has to happen before we start using it.” (P16)

Furthermore, a recurring thought amongst participants was that the “black box issue” was

not a relevant point of concern and mainly used as a Defense tactic.

“[I]t’s part of the game, I guess, that they’re going to challenge. They want to see

what they can’t see and as soon as you let them see it then it’s not a big issue.”

(P14)

Theme 4: Training and education should be an ongoing effort.

When asked about their needs with respect to statistical modeling for DNA evidence

evaluations, participants noted that they can never have enough training. While extensive

training occurs in certain situations, such as for new hires and with the introduction of a new

technique or software, participants expressed interest in having ongoing training opportunities

as well. Training courses are seen as most useful when they provide hands-on experience and

are adapted to deal with different learning needs and levels. It may also be helpful to focus

on new scientific developments as participants reported struggling to keep up with relevant

papers.

“I know people learn differently, but when it comes to [PG software] I think you

need to do it to learn it. [...] I think the biggest thing is training. [...] And

definitely even continued training.” (P2)

“I think probably the biggest challenge would be the continuing education of keeping

up to date with whatever the current model is, because it is easy in school to learn

what the most cutting-edge technique is, but then that only stays cutting edge for

so long.” (P9)

That being said, it is important to be mindful about time constraints as forensic scientists

may experience work pressure and are not always able to make education a priority.
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Theme 5: The effectiveness of presenting results in court can be improved.

Participants felt a huge responsibility when it comes to effectively explaining DNA analysis

results in court. One difficulty brought up was finding a balance between explaining results

thoroughly but not too complicated.

“That’s always one of the challenges, to explain our results, and one of the down-

sides to using [PG software] is that it is hard to explain and that a [random match

probability] is much easier to explain. [...] It falls on us to explain that, as best

as we can.” (P1)

“I’m always seeking what’s the best...simplest explanation that I can provide some-

body to help them understand something that they perceive as being super compli-

cated.” (P3)

Participants also expressed frustrations in dealing with lawyers, especially in case of fallacies

or a (deliberate) misdirection.

“No matter how we explain it, [lawyers] are going to interpret [the likelihood ratio]

in a different way. They are going to interpret it as the transposed conditional most

of the time. [...] That part is difficult.” (P10)

“I guess really the thing that’s hardest with the statistics right now is just different

defense experts come forward and, generally speaking, bring up something that

really does not matter. [...] It makes you have to jump through a whole bunch of

more hoops.” (P7)

Notably, one participant mentioned that well-intentioned efforts from the field to create aware-

ness regarding fallacies may lead to more paranoia among forensic scientists. The result may

be a rigid approach with statements being made solely for the transcript instead of focusing

on the people in court. Multiple participants were proponents of offering training courses to

justice officials, especially for the Defense. Others also suggested creating handouts or videos

for juries.
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“It’s tough because at the end of the day you got to explain it to the jury. The

jury won’t have that background in statistics. But it will definitely be helpful if at

least the lawyers will have them.” (P15)

Theme 6: NGS has the potential to become revolutionary.

Participants expressed their excitement when talking about the potential of NGS tech-

niques in a forensic setting.

“I think this is one of the most exciting things that’s come about in forensic DNA

probably since STRs.” (P3)

“I feel it’s going to be revolutionary. [...] There have been tremendous changes

and I’ll just say...the opportunity now is greater than any time that I’ve seen.”

(P6)

Numerous applications for sequence data were brought up, including but not limited to

unidentified human remains, cold cases, investigative genetic genealogy (IGG), forensic pheno-

typing and ancestry inference, and mixture and low-level contributor deconvolution. Having

a technique that provides access to all the data at once was seen as the main benefit. Partici-

pants thought that NGS techniques will initially be employed for lead-generating approaches,

such as IGG, noting that it would be relatively easy to implement and has already proven to

be successful. Most agreed that we are still a long way out until sequence data will be fully

incorporated into forensic casework. Some envisioned sequencing techniques to become the

standard, while more than half of the participants (63%) saw the use of these as a specialized

application with short tandem repeat (STR) typing through capillary electrophoresis (CE)

remaining the default approach.

“I think, in my opinion, it would just take over the whole platform. No capillary

electrophoresis, it would spit out the STR, Y, and the SNP at the same time and

you’re good.” (P15)
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“If the technology gets robust enough that we can convert it, all of our STR profiles,

to be compatible with that, I could see it replacing it entirely. But I think that would

be a very long way out.” (P8)

“I don’t think it will ever outpace CE because that workflow is very straightforward

and reasonably...it’s still expensive but it’s just a lot fewer steps and it’s so much

easier to analyze than [NGS] data.” (P11)

Theme 7: Some hesitations surrounding the use of sequence data remain.

Despite the enthusiasm among participants about NGS techniques, there also exist con-

cerns. Participants acknowledged that there are still a lot of uncertainties surrounding the

application of sequence data and it is not always clear what the added value exactly is. It was

also noted that there may be a reluctance within the community to accept new technologies,

partly because of a fear of change and (public) misconceptions. Some expressed worries that

this may lead to sequence data not reaching their potential.

“I have a hard time convincing myself that the extra information is worth it, given

the current statistics that we get. Is ten to the 30th not high enough?” (P10)

“I think there’s so much potential, and I think people have hesitated. Probably

because there’s certain things that weren’t there, but it has kind of become like this

chicken or egg thing.” (P16)

Participants noted that such concerns are always an issue with the introduction of new tech-

nologies, and it takes time to get over the acceptance hump. Promotions and a push from

high up are believed to be beneficial to overcoming existing hesitations.

“We are all human beings, so you do have to get over the little bit of personal

fear. People don’t like change. Sell me on it a little bit. Help me become part of

the change.” (P6)

Theme 8: There is a need for a concrete plan to alleviate barriers to the implementation of

sequencing techniques.
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When asked about specific barriers surrounding sequence data, participants brought up

numerous practical issues. First, it was noted that the implementation of sequencing tech-

niques requires a massive investment from a laboratory. The need for money, time, training,

and staff was brought up numerous times. Moreover, participants acknowledged that the

decision-making was mostly out of their hands, and it could well be that priority was given

to other applications.

“[Laboratories] don’t want to train their whole staff all over. Maybe they don’t

have time to do the validation work and to do research for it.” (P5)

“I feel the sale is there, [...] so you have the industry’s interest and now it’s

a matter of working to reduce the barriers through training, technology, business

case, all of those things.” (P6)

Second, participants experienced a lack of data and resources. This includes the need for

sequence-based databases, samples to be used for validation purposes, and the need for reliable

software. Specifically, participants noted that they do not want to change PG software and

were hoping for an update that could accommodate sequence data if their labs decided to

proceed in that direction. At the time of writing, the developers of the PG software STRmix

just released a paper introducing their newest software for sequence data [15].

“[T]here’s no autosomal sequence data that exists in a database that we can search

the same way that we can search STRs.” (P9)

“The amount of data being generated from [NGS technology] is huge. How to deal

with that is going to be another problem.” (P4)

“We definitely need a probabilistic genotyping tool to be able to incorporate [se-

quence] data. [...] I don’t think I would want to go back to a different model, or

to a different kind of statistical tool.” (P16)

Overall, participants expressed a need for a concrete plan. This includes guidance on prepar-

ing a laboratory for the implementation of sequencing technology to ultimately running an

analysis and presenting results when applied to casework.
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Theme 9: Ethics plays a major part in the role of a forensic scientist.

Participants described ethics as playing a major daily role in their jobs. Responses indi-

cated that the topic was seen as extremely important, with a need for continuous promotion

and requiring yearly training. Some participants brought up the potential of bias creeping

in during an investigation and valued a work environment that promotes open discussions

to minimize such risks. While a forensic scientist may strive towards objectivity, a few par-

ticipants noted that they are not operating in a vacuum. There exists an added complexity

in being linked to law enforcement. This may lead to misconceptions that forensic scientists

work for one side only. One participant also expressed frustration in dealing with pressure

coming from investigators.

“Everybody has conspiracy theories, like the labs are in cahoots with the prosecu-

tion, which is totally wrong. [...] I’m for the truth, for the evidence.” (P13)

“[Investigators] come in guns blazing and want us to start working. [...] Not that

they are asking us to be unethical, [...] they just want it done now. And our stance

at the laboratory has always been quality over quantity, all day long.” (P12)

Theme 10: Ethical barriers for sequence data depend on the application.

The majority of the participants (75%) indicated not seeing any potential harm for se-

quence data obtained from STR regions. Responses also showed that using NGS techniques

for investigative leads was seen as unproblematic. Participants were more hesitant when it

comes to novel sequencing techniques and data outside of the standard STR regions, including

phenotyping, ancestry-related information, and single nucleotide polymorphism (SNP) data

that may inadvertently reveal medical information.

“When you think about the traditional analysis of STRs, I don’t think that [poten-

tial harms are] too much of a problem. The things that concern me are some of

the newer marker types like ancestry estimation.” (P11)

That being said, many noted that law enforcement is held to high standards and that forensic

laboratories are used to having tremendous checks and balances in place. Nevertheless, some
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participants acknowledged that having safeguards in place never completely takes away all

risks and there always exists a potential of misuse.

“I don’t think there could be any harm in [DNA sequence] information if the in-

formation is interpreted or looked at in an appropriate way. Everybody has the

ability to spin things, or make things look worse than they are, or not in the right

context.” (P12)

While privacy concerns and the risk of misuse and misinterpretation should be reasons for

thoroughly vetting the use of sequence data, participants said that they should not be a reason

to discontinue NGS techniques. Others mentioned the existence of misconceptions from the

public and how time and information would likely overcome fears.

When talking about the use of whole genome sequence (WGS) data, participants were

more divided in their opinions. About a third saw this as a next step and great opportunity

to get even more data, while others were more hesitant and saw no direct need for such data

for forensic purposes.

“I think that [using WGS data] is our next step.” (P3)

“I don’t see why we need to move to [WGS data] into the future. [...] I think

it seems a bit excessive and probably an unnecessary amount of information, but

how the future moves forward, I don’t know.” (P4)

“Let’s do the information we need. Let’s not do it all, because we can do it all.”

(P2)

Theme 11: DNA evidence has its limitations.

Interestingly, multiple participants brought up situations where DNA evidence may be of

limited value. One observation was that participants experienced a shift in the court room

from source level to activity level, something that has been noted in the literature as well

[68, 34, 83]. Furthermore, while the increase in sensitivity of technologies may help deconvo-

lute complex mixtures involving low contributors, participants noted that there exists a line
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between pushing the limits and getting unreliable results. This may point towards concerns

about an overreliance on DNA evidence, an issue that was also reported in a worldwide sur-

vey of forensic scientists [3]. This notion can also be problematic when dealing with extreme

statistics that may become overwhelming.

“[I]n the big scheme of things: what is the difference between one in a billion and

one in 10 billion?” (P5)

“We’ve worked so hard at getting to sensitivity levels where we can detect so little

DNA. I don’t necessarily think it’s bad, but I think that sometimes DNA is not the

answer to the question. Sometimes DNA doesn’t help at all.” (P1)

Discussion

Our findings describe several factors contributing to the perceptions of forensic scientists

surrounding the use of statistical models and sequence data for DNA evidence evaluations.

Although our study results are limited to a small set of professionals and are therefore not

readily generalizable, we can frame our findings in a broader context by drawing from existing

literature. With respect to statistical modeling, participants noted that forensic scientists are

generally not experts in statistics and that this holds even more true for legal practitioners and

jurors in a court setting. Yet, the forensic scientist is tasked with the difficult job of presenting

the statistical weight of DNA evidence during expert testimony. The occurrence of themes

relating to the need for training and education, and the improvement of presenting results

in court, was therefore unsurprising. Similar observations are described in the literature.

Eldridge suggests that it is apparent that improvements should be made when it comes

to expert testimony, noting that juries do generally not interpret results as intended [23].

Unfortunately, it is less clear how such changes will look, and the forensic community is still

in search of the most desirable way to present evidence, if it even exists [23]. In terms of

providing handouts to juries, as suggested by one participant of our study, focusing on visual

aids may be helpful [23]. Still, there will always exist factors that complicate expert testimony

for DNA evidence due to the nature of the criminal justice setting. While frustrations in
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dealing with such difficulties situations, as brought up by some of our participants, may be

valid, it has also been noted that it is precisely the defense lawyer’s job to create doubt [66].

While participants acknowledged the increased level of complexity involved in PG soft-

ware, we noticed high levels of support for such models. Even though it may complicate

the presentation of results as compared to resorting to more simplistic approaches, this was

not seen as a reason to oppose the use of PG software. This sentiment is echoed by other

key criminal justice stakeholders, as described in a recent qualitative study on probabilistic

reporting in forensic science [66]. These different stakeholder groups, including judges, pros-

ecutors, and defense attorneys, highlighted the need for forensic scientists to “accurately and

impartially convey their findings” and for investments in training and education on the use

of statistical models [66]. A big aspect in creating comfort surrounding the use of statistical

models is having validations in place, something that was brought up by our participants but

is also pointed out in the aforementioned study [66]. Validations can help alleviate concerns

and show that results are accurate and trustworthy. In addition, transparency is invaluable

in creating trust. This may include having access to a good support team from software

developers and being aware of the workings and limitations of the model. While disclosure of

the source code may also be helpful in establishing trust, opinions among different stakeholder

groups seem to differ on the necessity of providing such access by default [66].

When it comes to sequence data participants saw huge potential for numerous applications,

with a primary initial use case for SNP data in investigative leads. The NGS applications

brought up during the interviews have been well-described in the literature [6, 13]. Partici-

pants’ opinions differed on the future of forensic DNA typing, with some seeing sequencing

techniques as an addition to the current workflow while others saw it replacing CE-based

STR technology entirely. Whatever the situation, all participants agreed that a shift will take

years, potentially ranging from about 5 to 10, or even 20 years. Several factors play a role in

these beliefs. First and foremost, participants noted that practical barriers currently prohibit

the implementation of sequencing techniques for routine casework. Over the years, studies

have published guidelines as well as sequence-based data necessary for NGS-based DNA evi-

dence evaluations [60, 31, 32, 2]. Despite these developments, technical barriers still remain,
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and the issues noted by our participants reflect findings from other publications [26, 18, 27].

In addition to practical barriers, participants advocated for the consideration of perceptual

and ethical barriers. While some participants expressed interest in wanting to be at the fore-

front of new developments, others would rather wait until all the kinks have been worked

out. Participants also expressed concern about the (lack of) added value of sequence data.

Opinions on ethical implications seem to differ based on the application. While the use of the

standard forensic STR markers is seen as unproblematic among our participants, potential

harm from sequence data was deemed more likely to occur for other marker systems.

Our work has both strengths and limitations. Our background in forensic statistics put

us in a great position to carry out this work. However, we are aware of the possibility of

our work being biased. To minimize the risk of results being influenced by personal views,

we deliberately opted for a largely open coding approach to let the data guide our analysis.

Our second coder was less familiar with the topic, which provided a unique perspective and

maximized our ability to identify relevant themes. As with most qualitative studies, this

work may suffer from self-selection bias. Specifically, our sample consists of individuals who

expressed interest in NGS technology and had previously attended NGS-based workshops,

which may have led to biased opinions in favor of NGS applications. Furthermore, due to the

limited sample size and way of sampling, our findings are not representative of the forensic

community in general. Nevertheless, we believe our data provides a rich set of perspectives

on the topics of interest.

Conclusion

In this paper, we highlighted important themes concerning statistical concepts, sequence

data, ethical implications, and their interactions within the field of forensic DNA evidence

evaluations based on in-depth interviews with sixteen U.S. forensic scientists. We showed to

what extent they felt the need to have an understanding of the statistical models used to be

able to perform their work and what aspects they valued in such models and PG software.

We also identified experienced barriers and needs in light of feeling better prepared to work
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with statistical models, as well as to present such results in a court setting. Finally, we

discussed the perceived impact of sequence data on the forensic field and revealed practical

barriers and ethical considerations to take into account for such new technologies. While

the perceptions of forensic scientists with respect to these topics provide valuable input, it

is important to remember that they are part of a larger system. On the one hand, barriers

need to be addressed from a scientific standpoint, including the creation of databases and PG

software for sequence data. On the other hand, the business side requires consideration of

higher-level organizational issues, including funding and management needs. We believe both

perspectives need to be taken into account in our journey towards successfully implementing

sequencing methods for DNA evidence evaluations.
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CONCLUSION

This research has yielded several scientific contributions to the forensic field and the study of

forensic sequence data in particular. By integrating both quantitative and qualitative work,

we provided a holistic view of the current state of the forensic field with respect to NGS

methods. We were able to gain insights into theoretical aspects as well as some practical

implications of the use of sequence data for forensic purposes.

In the first part of this dissertation, we provided previously unavailable sequence-based

estimates of population genetic parameters. Such estimates are crucial for the evaluation of

the statistical weight of DNA evidence profiles. While software tools are available to obtain

population genetic estimates for forensic data, these tools, as well as most published estimates,

use the Weir and Cockerham estimator [79]. Nowadays, the less restrictive model as outlined

by Weir and Goudet [80] is recommended, which allows for variation between populations

and has been gaining attention in recent years [86, 16]. To the best of our knowledge, we are

the first to apply this framework to forensic sequence data. Moreover, our use of genotypic

data allows for dependencies that cannot be captured with allelic data.

The second chapter builds upon existing knowledge on the lack of independence between

genetic markers [77, 46, 20]. Forensic calculations often assume independence across autoso-

mal markers and our work brings renewed attention to this problem by showing that sequence

data generally results in even less conservative results compared to length-based data. While

NGS technologies are capable of producing data across different marker systems simultane-

ously, it is currently still unclear how the forensic community is planning to incorporate such

markers for DNA evidence evaluations. Our focus on the diminishing return of observing

matching markers after a certain point, provides caution against the practice of adding more

markers with the intent to increase the discriminatory power of DNA profiling methods.
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Finally, we contributed to a more in-depth understanding of the current situation with

respect to sequencing technologies within the forensic community. While early research has

been conducted through the use of a survey [26], our qualitative approach provided unique

insights from the forensic analyst’s perspective. Overall, we hope that our consideration

of both theoretical and practical implications of forensic sequence data provides valuable

guidance in the move towards implementing NGS technology for DNA evidence evaluations.

Recommendations

Below we describe and summarize several recommendations based on our research findings.

• While the use of a theta correction is endorsed within the forensic community [52, 60],

there is currently no formal requirement to account for existing genetic dependencies

when evaluating the strength of DNA evidence. We strongly recommend the incorpora-

tion of appropriate population genetic parameter estimates in forensic calculations, as

this can account for dependencies within as well as between forensic markers.

• Since available forensic software tools provide population genetic estimates based on

outdated models, we urge developers to consider updating their analyses to be based

on more recent frameworks. Ideally, such estimates are based on genotypic data, but

we recognize the need for the support of allelic data as those are generally more readily

available.

• We recommend avoiding the continual addition of forensic markers to DNA profiles,

without careful consideration of the impact on DNA evidence evaluations. The intention

of increasing discriminatory power and decreasing match probabilities by including more

markers, while assuming independence, is misguided and has the potential of being

prejudicial.

• Continuing on the previous point, care should be taken when considering markers across

different systems as dependencies occur even for unlinked loci. At a minimum, we
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recommended the use of joint theta measures if marker sets are going to be combined

across different systems.

• Lastly, we advocate for a continued close collaboration between disciplines within the

forensic science community to enhance the interpretation of DNA evidence evaluations.

While collaboration efforts are common for validation studies [45, 9], we believe it is

beneficial to initiate ongoing discussions during and after the implementation stage of

forensic methods as well. Such an approach allows for the incorporation of different

perspectives and may help alleviate existing barriers as experienced by forensic science

professionals.

Future work

We conclude with providing several ideas for future research that could build upon and extend

the work in this dissertation.

• It would be of interest to repeat the estimation of population genetic parameters for

Y-STR data. While the notion of inbreeding does not apply to haploid data, estimates

of population structure are required if Y-STR sequence data are to be used for forensic

evidence evaluations. Our data set was too limited for this analysis and a much larger

data set would be required to obtain useful results.

• At the time of our analysis, we did not have access to the NIST 1036 data on iiSNP

markers and resorted to iiSNP data on a small sample of 350 individuals. These data

have since been published [44], so it is now possible to use an extended data set to

assess population genetic estimates for iiSNP data. Our initial results showed different

patterns for iiSNP data as compared to STR data, as well as compared to SNP analysis

not restricted to forensic markers [85]. Although this may be a consequence of differences

between marker systems and number of markers used, it would be useful to check for

concordance between our observations and results obtained from the NIST iiSNP data.

• Our results are based on sequence data that were restricted mostly to the repeat regions.
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As such, the impact of additional flanking region variation that can be observed with

NGS techniques, was not assessed in this dissertation. Due to their close proximity to

the STR region, this type of variation requires the consideration of haplotype frequencies

[30], and it would be of interest to characterize the extent of dependencies between these

regions. It should be noted that this may require updating software features as standard

reports may not automatically incorporate known flanking region variations.

• Initial work on estimating adjusted population structure values for the combination

of different marker systems may be extended to the use of sequence data. We could

attempt to estimate joint values and examine whether such measures will be adequate

for data generated by NGS techniques. We stress, though, that this is a difficult exercise

as most data sets are too limited to allow meaningful observations beyond a couple of

markers.

• Our qualitative analysis could be extended by trying to address some of the limitations

of this work. To account for potential biases in our data set, we might try to seek

input from individuals who are more skeptical towards the implementation of NGS

techniques by using a different sample population. We may also want to more closely

examine differences in perspectives between individuals within different characteristic

groups. For example, forensic scientists employed in public versus private, or in large

versus smaller laboratories may have different experiences that could provide additional

insights not captured in our analysis.

• Another potential interesting avenue for future research, is to assess the impact of

sequence data on specific forensic applications. For example, familial DNA searching

(FDS) techniques currently perform searches for first-order relationships only due to the

limited value of traditional STR profiles. We could examine the performance of sequence

data applied to this technique and assess whether such data allow consideration of more

distant relatives. It remains to be seen though how the forensic field develops in terms of

these applications, especially in light of the emergence of investigative genetic genealogy

techniques. Another caveat is that current CODIS databases consist of CE-based DNA
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profiles and are thus currently not suitable for the application of sequence-based FDS

techniques.

• Further analysis could be carried out with the use of simulated data sets. There are

several software packages available that aim to generate sequence-based DNA profiles

and some studies have been conducted that use such data in their analyses [47, 67, 85].

A potential concern is that most tools are based on independence assumptions, while we

have seen in this dissertation that dependencies occur even for unlinked markers. Future

research may try to assess if such simulated profiles provide a realistic representation

of real-life NGS profiles by checking whether our results are consistent with results

obtained from simulated data.

In the end, we believe it is important to consider the context in which forensic sequence

data are to be used. The type of application may greatly impact whether or not some of

our observations and recommendations need to be taken into account. While we have argued

throughout this dissertation that independence assumptions for genetic data generally do not

hold, it may very well be that it works reasonably well in certain settings. There are also

situations in which the addition of loci beyond the set of markers incorporated in CODIS DNA

profiles does provide valuable information. Requirements are different when your purpose is

to generate investigative leads, in which case we may want to focus on reducing false positive

hits, or when you are dealing with highly degraded samples during the identification of human

remains. We are huge proponents of the use of statistics in the forensic field and commend

the community for their continued efforts to incorporate statistical genetic models to enhance

DNA evidence evaluations. Nevertheless, the numbers that we attach to DNA profiles can

become quite overwhelming and difficult to interpret, not just for the lay person but for any

human being. Moreover, while most fields may feel comfortable with methods that work on

average, this certainly does not hold in the context of a criminal trial. In this case, it becomes

adamant to avoid any tendency to overestimate the weight of the evidence as this may lead

to prejudice against a defendant, with potentially grave consequences.
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