e
>

=3
O
o
oF
<>
<>,
e
o0
>

-

UNIVERSITY
OF SKOVDE

OPTIMISATION OF FORENSEQ
STR DATA ANALYSIS WITH
FDSTOOLS AND COMPARATIVE
ANALYSIS WITH UAS

Master Degree Project (120 credits) in Systems Biology
Second Cycle 45 credits

Spring term 2021

Student: Tilia Thelander

Supervisor: Johannes Hedman, NFC

Examiner: Andreas Tilevik, University of Skovde



Abstract

DNA profiling with short tandem repeat data generated with massively parallel sequencing is
associated with several challenges. FDSTools is an open-source software which applies correction
models based on a reference database to correct DNA profiles. The correction models aim to
provide an accurate representation of the true DNA profile and associated artefacts. Low
analytical thresholds in FDSTools are suggested to improve detection of minor profiles in complex
mixtures. The objective was to optimise FDSTools analysis for ForenSeq data, and to establish a
Swedish reference database. The FDSTools analysis was subsequently compared to default
analysis with the commercial Universal Analysis Software, and the likelihood ratio was evaluated.
The FDSTools Library file was adapted for ForenSeq data. FASTQ files from single- and mixed-
source samples were analysed with the software. The concordance between the software was
assessed, and analytical thresholds in FDSTools were optimised. Likelihood ratios were calculated
for sequencing- and capillary electrophoresis data to investigate the benefit of sequence level
information. A reference database and correction models could not be generated, meaning that
uncorrected data was used. The two software showed a 98.5% concordance. Disconcordance was
caused by allele drop-out in heterozygous loci which implicated that certain markers may require
individual interpretation. Lowering the analytical thresholds in FDSTools appeared to improve
mixture deconvolution, but the lack of correction models obscured interpretation. Hence, without
correction models optimial analytical thresholds could not be defined. Likelihood ratio based on
sequencing data was not consistently higher compared to capillary electrophoresis, suggesting
that sequence information is not always advantageous.



Popular scientific summary

In the forensic field, a DNA profile is created by determining the genotype at special regions in the
DNA called short tandem repeat (STR) markers. A genotype normally consist of two gene variants
(alleles), one inherited from each parent. The building blocks of DNA are the four nucleotides
abbreviated A, C, G and T and STRs consists of repeated sequences of these nucleotides, for
example “TAGA TAGA TAGA”. Depending on how many times the sequences are repeated, the
length of the allele can be determined, which in this example is three times. Similar to a fingerprint,
a DNA profile based on STRs can be used as a tool to identify a person. When a crime has been
committed, for example sexual assault, the police are responsible for investigating the case and
collecting DNA evidence from the crime scene. Recovered DNA evidence is sent to a forensic
laboratory for DNA profiling to help solve the crime. In certain cases it can be difficult to generate
a DNA profile that can be used in the case. For example, in cases of sexual assault it is not
uncommon that the DNA evidence consists of a mixture of DNA from the victim and one or more
individuals, which can make it challenging to single out the DNA profile of the perpetrator.

The traditional method to create a DNA profile is called capillary electrophoresis (CE) which
determines the length of the alleles of a STR marker. Massively parallel sequencing (MPS) is an
alternative method which in addition to determining the length of the alleles also provides the
DNA sequence of the alleles. The benefit of knowing the sequence of the alleles is that two
individuals may have alleles of the same length, but can have internal differences in the allele
sequences. In theory this means that DNA profiling with MPS has the potential to make it easier
to distinguish between two individuals in a mixed sample. The idea is that samples that can be
difficult to analyse with CE, such as a complex DNA mixture, could benefit from analysis with MPS
instead.

DNA profiling methods are not foolproof and the analysis process is often complicated. Since DNA
profiles may be used as evidence in a court of law it is important to limit the risk of a false DNA
match. There are several steps in the DNA profiling process where errors can occur and the
challenge is to ensure that the reported results are reliable. For MPS STR data this means that
true allele sequences have to be distinguished from other products which can arise during the
sequencing process. In order to generate DNA profiles from MPS STR data, special analysis
software are necessary. The aim of this study was to optimise DNA profiling settings in the
software FDSTools, and compare the results to a commercial software tools. Optimisation is
performed in order to find analysis settings which produce the most accurate results.

In this study, FDSTools generated correct DNA profiles in 98.5% of the cases when compared to
the commercial software. For a few STR markers the incorrect genotype was reported by
FDSTools which should be further investigated. Identifying potential weaknesses of a method is
an important part of optimisation and needs to be considered during DNA profiling. During this
project it was discovered that the current version of FDSTools has limitations which meant that
optimisation could not be completed. An updated version of the software will soon be released
which means that this work could be continued in the future.

It is not likely that MPS will replace CE as the routine method for DNA profiling. MPS is an
expensive method and additional research into optimal analysis thresholds is needed before the
method could be used routinely. However, the results from this and similar studies assessing DNA
profiling with MPS look promising and the method is predicted to become a complement to CE in
cases where CE cannot provide sufficient information.
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Introduction

Forensic DNA analysis

In Sweden, the National Forensic Centre (NFC) is responsible for the analysis of DNA samples
recovered from crime scenes (Nationellt forensiskt centrum [NFC], 2019). According to M.
Sidstedt (personal communication, September 7th 2020), internal statistics from NFC show that
approximately a third of the 65 000 DNA analyses conducted in 2019 failed to yield usable DNA
profiles due to insufficient DNA concentration. Moreover, out of the 43 000 generated DNA
profiles about 45% contained elements from more than one individual, i.e. the DNA samples were
mixtures, which significantly complicated the evaluation of the DNA profiles. Establishing DNA
profiles from samples with poor quality, or from DNA mixtures are common challenges associated
with forensic DNA analysis (Alonso et al., 2018). Since DNA evidence is generally an important
part of forensic investigations, there is an incentive to develop methods that can overcome these
obstacles. Subsequently, methods based on massively parallel sequencing (MPS) are being
extensively researched (Churchill et al.,, 2016; Hollard et al., 2019; Just et al., 2017; Kim et al,,
2016).

Short tandem repeats & capillary electrophoresis

There are different forensic markers depending on what information is of interest. For example,
genetic markers can be used to gain information regarding a person’s identity, ancestry or
phenotype (Alonso et al., 2018; Gettings et al., 2018). Common genetic forensic markers include
short tandem repeats (STRs) and single nucleotide polymorphisms (SNPs), where DNA profiles
are routinely derived from analysis of STR markers (Butler, 2005). STRs are sequences consisting
of short subunits that appear in a repeated pattern located in the non-coding regions of the
genome. The number of repetitions generally varies between different individuals, meaning that
several alleles exist for each locus (Li et al., 1993). The alleles are genetically inherited and can
have the same number of repeats but may contain internal differences in the sequence, which is
demonstrated in Figure 1 (Bruijns et al., 2018). By combining information from a number of STR
markers, a genetic fingerprint can be generated. The obtained DNA profiles are compared to
reference samples or to databases containing DNA profiles (Bruijns et al,, 2018). There are many
different commerecial kits for analysis of forensic STR markers. According to M. Sidstedt (personal
communication, September 7th 2020), the NFC currently uses a kit called PowerPlex ESX 16 Fast
System (Promega Corporation, Madison, WI, USA) to amplify 16 markers for most of the routine
analyses. Apart from determining the sex of the individual, the conventional STR analysis method
offers no additional information that could potentially aid a crime investigation if no match is
obtained (Alonso et al., 2018; Gettings et al., 2018).
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Figure 1. Schematic illustration of the genotype for a STR marker. The two alleles have the same length of
five repeats, but Allele 2 contains an internal sequence variation. The flanking regions are the adjacent
sequences located upstream or downstream of the STR sequence.

The conventional method for generating DNA profiles is through amplification by PCR followed
by capillary electrophoresis (CE) (Fregeau & Fourney, 1993; Lazaruk et al., 1998; Wallin et al.,
2002). Multiple STR loci are targeted with fluorescently labelled primers and amplified by
multiplex PCR. The amplicons are subsequently detected, and size separated by CE which allows
for allele determination by comparing the amplicon lengths to an allelic size ladder. By
determining the genotype of a panel of STR markers, a DNA profile can be derived (Alonso et al.,
2018; Churchill et al,, 2016). Although the technique has been refined for decades, the method is
associated with a number of constraints which restrict its capabilities. CE is for example
constrained by the number of available fluorophores, fragment lengths and the resolution to
separate fragments (Ballard et al., 2020). This limits the maximum number of STR loci that can be
simultaneously analysed. If additional loci are to be analysed it requires extra work and additional
DNA material, which is often limited in quantity. Another implication of limited multiplexing is
that a subset of loci generally has to be chosen over others, meaning markers which could have
provided necessary information may be excluded. Furthermore, CE is not able to reveal potential
sequence variation in alleles that are of the same length (Wu et al., 2019). Sequence-based analysis
has been shown to increase the allele variability of STR loci, which increases the statistical power
of the analysis in comparison to traditional analysis based on amplicon size (Gelardi et al., 2014;
Wu etal, 2019; Xue et al,, 2018; Young et al., 2019).

Massively parallel sequencing (MPS)

The emergence of MPS-based methods in the forensic field provides large-scale multiplexing
capabilities and sequence level information which has the potential to overcome many of the
limitations associated with CE-based assays (Ballard et al., 2020). MPS-based methods have the
capacity to simultaneously analyse an increased number of forensic markers, where different
types of forensic markers can be included in the same panel (Fordyce et al., 2011). For example,
the commercial kit ForenSeq™ DNA Signature Prep kit (Verogen, San Diego, CA, USA) developed
for the MiSeq FGx sequencing platform contains multiplex primer mixes targeting over 200
different markers (Churchill et al., 2016; Moreno et al., 2018). In a forensic context, this kit allows
for analysis of markers related to identity, ancestry and phenotype in one single analysis instead
of requiring multiple analyses. Even though MPS-based DNA profiling in theory enables
multiplexing of an extensive number of forensic markers, the reliability of the profile is dependent
on both the performance of the experimental design such as primer design and PCR conditions, as



well as the bioinformatic analysis of the obtained data (Ganschow et al., 2019; Liu & Harbison,
2018).

The samples handled during forensic DNA profiling may be of a single source, i.e. the material is
derived from one individual, or may be mixtures from two or more individuals (Riman et al., 2020;
Silvery et al., 2020). Achieving useful DNA profiles from mixture samples is generally a challenging
process, especially when determining the genotype of a minor contributor (Bleka et al., 2020; Just
& Irwin, 2018; Kocher et al,, 2018). Using MPS, it has been shown that minor alleles can be
detected in mixture samples with known profiles where the contribution was only 1% (Gaag et
al,, 2016). However, detection of minor alleles in trace samples with unknown profiles may be
challenging due to PCR- and sequencing artefacts (Gaag et al., 2016). The potential benefits from
MPS-based analysis do not only apply to mixtures but also to degraded samples (Ambers et al,,
2016; Bleka et al., 2020; Fattorini et al., 2017; Rockenbauer et al., 2014). Recent studies have for
example assessed the ability to obtain information from degraded DNA samples such as samples
from skeletal remains. The results revealed that MPS-based methods were successful in detecting
forensic markers in degraded samples and may therefore be a valuable complement to CE (Liu et
al,, 2020; Sharma et al,, 2020; Zavala et al., 2019).

CE is restricted to analysis of the length of the amplified fragment whereas MPS allows for the
analysis of both the STR repeat sequence and adjacent sequences. It has been demonstrated that
MPS increases the degree of STR allele variation caused by SNPs in STR repeats or in the flanking
regions (Devesse et al., 2020; Gettings et al., 2018; Zeng et al., 2015). The allele nomenclature for
CE data only contains length-based information in the form of the number of repeat units (RU)
whereas different formats of allele nomenclature, which reflects sequence variations has been
examined for MPS data (Gaag et al,, 2015; Just & Irwin, 2018). An example is the format called
longest uninterrupted sequence (LUS) which provides information of both the number of repeat
units, and the length of the longest continuous repeat unit sequence (Just & Irwin, 2018; Vilsen et
al,, 2017). This format has been extended further in attempts to reflect an increased number of
allele variants and obtain a greater power of discrimination (Just & Irwin, 2020)

Although MPS comes with many advantages over traditional CE, sequencing is associated with
PCR- and sequencing errors that can be introduced during the experimental- and sequencing
processes such as adapter artifacts, library contamination and base calling issues. For example,
stutter products are common PCR artefacts believed to arise from slipped strand mispairing
during the amplification process (Bright et al.,, 2014; Kalafut et al., 2018; Li et al., 2020; Vilsen et
al, 2017, 2018). This process generally generates a new strand one repeat shorter than the
template strand, but other stutter variants have also been reported. Stutter variants and similar
artefacts may interfere with the interpretation of results and must be handled during
bioinformatic analysis to ensure that the reported results are reliable and correct (Ballard et al,,
2020; Ragazzo et al., 2020; Roy et al., 2018; Young et al., 2017). Hence, developing MPS analysis
workflows that generates reliable data is crucial before the implementation of MPS in forensic
routine laboratories.

Library preparation and bioinformatic analysis

As described, a major advantage of MPS is the resulting vast amount of information, however, this
also poses a challenge in terms of the amount of data being generated. Sequencing a single sample
can generate several giga bytes of data and the information from relevant STR markers has to be
specifically extracted, which requires a bioinformatic approach compared to the analysis of CE



data (Figure 2). The sequencing process involves several steps from sample isolation to data
generation, where the steps may differ depending on which library preparation kit or method that
is used (Ballard et al., 2020; Jager et al., 2017; Montano et al., 2018). For example, the ForenSeq
DNA Signature Prep workflow includes a primary PCR step where the regions of interest are
amplified using specific primers that flank the sequence of the marker (Jager etal., 2017). A second
PCR step is performed to enrich the targets and incorporate adapters and indices necessary for
the sequencing run. The next step of library preparation involves purification of the amplified
libraries to remove reaction components which may interfere with base calling, and normalisation
to ensure an optimal cluster generation with an even representation of the samples (Jager et al,,
2017). If several samples are to be simultaneously sequenced in the same flow cell, the libraries
are pooled where the indices allow data from the different samples to be separated during
downstream data analysis (Jager et al,, 2017). Remnants of PCR primers, indices and adapter
sequences may remain in the resulting sequencing data, meaning the data has to be processed
before a DNA profile can be established (Liu & Harbison., 2018). This usually involves trimming-
and quality filtering of the data based on different quality thresholds to remove bases or reads
with poor quality. Furthermore, STR-markers are particularly complex in terms of bioinformatic
analysis since the repetitive sequences may be difficult to handle during alignment to a reference
genome (Liu & Harbison., 2018).

Workflow for Massively Parallel Sequencing vs Capillary Electrophoresis
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Figure 2. Illustration of the general workflows for massively parallel sequencing (MPS) and capillary
electrophoresis (CE). CE data analysis involves interpretation of electropherograms and MPS data analysis
involves deriving information from sequence data in FASTQ files.

Commercial- and open-source tools
There are several commercial and open-source software available for analysis of MPS data.
Commercial software such as ForenSeq Universal Analysis Software (UAS) tend to be user-



friendly with pre-defined workflows (Alonso et al. 2018; Koécher et al.,, 2018; Moreno et al.,, 2018).
In comparison, open-source software generally requires programming experience to customise
the analysis, which could influence the quality of the reported DNA profile (Jgnck et al., 2020; King
etal., 2017; Warshauer etal., 2013). Forensic DNA Sequencing Tools (FDSTools) is an open-source
software developed by researchers at the Netherlands Forensic Institute specifically aimed at
analysis of forensic DNA markers and provides a package of tools for analysis of MPS data
(Hoogenboom et al,, 2017, 2021). Examples of other open-source software for analysis of MPS
data are STRaitRazor, toaSTR and STRinNGS (Ganschow et al., 2018; Jgnck et al., 2020; Warshauer
etal,, 2013; Woerner et al., 2017). Additionally, an expert system called DNAxs has recently been
developed which aims to reduce complexibility of analysis of both CE- and MPS STR data (Benchop
etal, 2019).

Forensic DNA Sequencing Tools (FDSTools)

A challenge with MPS-STR analysis is to distinguish true alleles from stutter- and PCR artefacts.
Compared to similar software, analysis with FDSTools involves the set-up of a reference database
which is used for correction of case samples, thereby potentially reducing the risk of reporting
erroneous results and to produce reliable DNA profiles (Gaag et al.,, 2016; Hoogenboom et al.,
2017). The set-up of the reference database and analysis of case samples involves the application
of a number of different tools. To simplify the analysis, users are offered three pipelines which
allow the analysis to be carried out without having to apply separate tools (Hoogenboom et al.,
2017; Appendix A, Figure 1). The purpose of the reference sample pipeline is to prepare samples
for the reference database pipeline by mapping reads in a FASTQ file to STR loci using the tool
TSSV, and to mark sequences as potential stutter PCR artefacts with the tool Stuttermark
(Appendix A, Figure 1). A collection of reference samples can be analysed with the reference
database pipeline to identify the alleles within the population and obtain stutter-and noise
correction models based on the collection of alleles (Hoogenboom et al., 2017). These correction
models can subsequently be incorporated in the case-sample pipeline to correct case samples for
stutter artefact and systemic noise which aims to improve the final allele-calling (Appendix A,
Figure 1). The reference database pipeline also includes tools used for database curation by
identifying potentially unsuitable samples. By inferring information from the reference database,
the correction models can also be used to define optimal analytical thresholds, where the aim is
to identify an acceptable tradeoff between the risk of reporting erroneous findings, i.e. drop-in
alleles, and the risk of losing allelic information in the form of drop-out alleles.

ForenSeq Universal Analysis Software (UAS)

Several forensic studies have applied the commercial UAS pipeline for MPS data analysis and the
resulting DNA profiles have been shown to generate results concordant to the standard CE
method (Hussing et al,, 2018; Kocher et al,, 2018; Sharma et al., 2020). UAS is adapted for the
MiSeq FGx Forensic Genomics system which is further comprised of the ForenSeq DNA Signature
Prep Kit, the MiSeq FGx Reagent Kit and the MiSeq FGx sequencing instrument (Jager etal., 2017).
Performing data analysis with UAS does not require advanced bioinformatic skills which makes it
readily available to laboratory personnel, and the pre-defined workflow allows for inter-
laboratory comparisons (Guo et al,, 2017; Kocher et al., 2018). Although the software allows
certain parameters to be adjusted, little information is provided regarding the analysis steps
which the software performs on the data (Just et al., 2017; Jager et al,, 2017; Zavala et al., 2019).
Subsequently, commercial software tools are generally easier to use but are limiting in terms of
adaptability of parameters that could influence the quality of the resulting DNA profile.
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Likelihood ratio calculations

The process of DNA profiling starts with collecting a DNA sample from a crime scene stain. After
DNA extraction, a DNA profile can be generated by either CE- or MPS-based methods. Once a DNA
profile has been generated, statistical models are applied to evaluate the robustness of the results
and assess the weight-of-evidence (Bleka et al., 2016; Brigth et al., 2016; Young et al,, 2019). In
routine casework, the aim of creating a DNA profile is usually to compare it to the profile of a
person of interest (POI). For this purpose, probabilistic genotyping software may be used to assess
the weight-of-evidence, i.e. to what extent the observed similarities between the crime scene
profile and the profile of the POI supports that he or she is a contributor to the stain. The software
tools that are currently available have been developed for CE data and whether the models can be
directly applied to MPS data has only recently been studied (Bleka et al. 2020; Benchop et al,,
2021; Hwa et al., 2019). The likelihood ratio (LR) is a common statistic used for quantifying the
relative goodness of fit when assessing DNA evidence. The statistic can be defined as the ratio of
two conditioned probabilities, e.g. the probability (Pr) of DNA evidence (E) originating from a
person of interest (H) or not (Hp). The likelihood ratio (LR) equation is thus formulated as LR =
Pr(E|H,)/Pr(E|Hy), where Hy represents the prosecution hypothesis and Haq represents the
defence hypothesis. If the LR is larger than 1 the support is in favour of H, over Ha. The equation
can be easily adapted to account for multiple probabilities, for example cases where the DNA
evidence may originate from multiple contributors (Haned et al, 2011; Just & Erwin, 2018; Young
etal, 2019).

As previously described, common challenges associated with DNA profile analysis are how to
handle analysis of DNA with low concentration and varying quality degree. These problems do
not only apply to the conventional CE method but extend to the generation of DNA profiles from
MPS data. Decades have been invested in refining the CE technique to handle these difficulties, for
example by developing threshold models and protocols for how to analyse and interpret DNA
profiles generated from poor quality DNA. In comparison, the use of MPS in the forensic field is
still in its early stages and a similar development and refinement are required regarding how to
perform the analysis of MPS data. Hence, there is a need to define robust workflows for analysis
of MPS-based forensic markers in order to generate reliable DNA profiles

Aim

The primary aim of this project is to optimise analysis of ForenSeq STR data with the software
FDSTools. This is part of NFC’s work towards the implemention of a MPS-based method for DNA
profiling, where the goal is to increase the number of useful DNA profiles from samples with poor
quality. This will be achieved by generating a reference database for stutter- and noise correction,
and by assessing the effect on the reported results when varying analytical thresholds for allele
calling. The analyses involves working with MPS STR data from single- and mixed-source DNA
samples of varying quality. The performance of FDSTools has not been previously assessed using
data produced with the ForenSeq DNA Signature Prep Kit on samples from a Swedish population

The secondary aim is to perform a comparative analysis between the commercial software UAS
and the open-source software FDSTools, where the ability to generate correct DNA profiles will
be assessed, and the potential advantages and disadvantages will be discussed. The performance
of FDSTools has previously been compared to the standard CE method, and briefly compared to
the commercial software UAS, but no in-depth analysis to UAS has yet been attempted using
ForenSeq STR data.



Materials and Methods

Sample data

The samples were collected from a Swedish population by buccal swab and DNA was extracted
with an in-house Chelex-based method (Forsberg et al.,, 2016). The single source sample data
consisted of 99 FASTQ files which had previously been generated with the MiSeq FGx instrument,
using the ForenSeq DNA Signature Prep Kit (Verogen). Primer Mix B was used which targets 232
forensic markers. Fourteen samples comprised of two or three contributors were used to analyse
the performance of MPS mixture interpretation with UAS, FDSTools and CE. The samples had
previously been sequenced with the same set up as the single source samples, except primer Mix
A was used during library preparation which targets a total of 153 forensic markers. Sequencing
with MiSeq FGx generates reads of 350 nucleotides in the forward direction and 30 nucleotides in
the reverse direction and only the FASTQ files with forward reads were considered in analyses
with FDSTools. The CE data for the mixture samples had been previously generated with the
PowerPlex ESX 16 Fast System (Promega Corporation) to amplify Amelogenin and 15 autosomal
STR markers. To narrow the scope of this thesis work, only the MPS data from Amelogenin and 27
autosomal STR markers were included in the analyses (Appendix B, Table 1).

Data quality

The sequence data was generated over six different MiSeq FGx runs. The quality metrics that were
considered per run were cluster density (K/mm2), percentage of clusters passing filter, phasing
(%) and pre-phasing (%). This information was acquired from the UAS run metrics tab which
provides an overview of the run quality. Furthermore, the total number of mapped reads per
sample (for all markers in the ForenSeq kit, SNPs and STRs) was conveyed from the UAS sample
representation tab and was used to calculate the average number of mapped reads per sample.
The corresponding number for FDSTools data (STRs only) was obtained from the TSSV
samplestats output by subtracting the number of unrecognised reads from the total number of
reads. Additionally, the average number of reads mapped to Amelogenin and the 27 autosomal
STR markers was assessed, comparing both the sum of reads mapped to all markers, and the
number of reads mapped to the individual markers. For UAS, these numbers were obtained from
the Sample Details Report where both typed and untyped reads were included, and for FDSTools
the read data was obtained from the tPaired column in the TSSV samplestats output. The
difference in number of reads mapped to the STRs was compared between UAS and FDSTools,
which was defined as the number of reads mapped to a STR locus with UAS minus the number of
reads mapped to the corresponding STR locus with FDSTools.

ForenSeq STR data analysis with UAS

The FASTQ data for single source- and mixture samples had been previously processed with
the ForenSeq UAS software (version 1.3.6897 and 1.2.16337). The profiles had been generated
using the default parameters where the analytical threshold (AT) was defined as 1.5% and the
interpretation threshold (IT) was defined as 4.5% (Table 1). The AT denotes the lower limit for
valid results, and the IT denotes the limit for an allele to be typed and thus to be used in
subsequent LR calculations. To gain a threshold value, the AT and IT are multiplied by the number
of reads for each locus. In case of low coverage, the thresholds are calculated based on a minimum
of 650 reads per locus meaning that the AT and IT corresponds to a minimum of 10 and 30 reads
respectively and are required for an allele to be considered (Table 1). Sequences that are present



by less than 10 reads are not reported. The default stutter filter is defined specifically for each loci
and ranges from 0%, to 25% and the default inter-locus balance is 60%, defined as the minimum
percentage of the minor allele compared to the major allele of heterozygotes (Table 1). The
profiles were manually analysed by assessing the sample detail reports downloaded from UAS.

Table 1. Summary of the default analysis settings in UAS.

User-defined Default Definition Purpose
threshold setting
Analytical 1.5% The number of reads of an allele divided Represents the lower
threshold by the total number of reads of the locus limit of detection
(the minimum read coverage is 650)
Interpretation  4.5% The number of reads of an allele divided The threshold an allele
threshold by the total number of reads of the locus has to pass to be typed
(the minimum read coverage is 650)
Intralocus 60% The number of reads of the minimum Identifies potential
balance intensity allele of the typed alleles is imbalance between
divided by the number of reads of the alleles at a locus and to
maximum intensity allele define heterozygous loci
Stutter 0-25% The number of reads of the possible Distinguish possible

(Locus specific) stutter allele is divided by the number of stutter alleles from true

reads of the parent allele alleles

Optimisation of ForenSeq STR data analysis with FDSTools

Python (version 2.7) and FDSTools (version 1.2.0) were installed offline on a secure computer at
NFC. The software was run in a Unix-like environment via Cygwin (version 3.2.0). FDSTools is
currently adapted for MPS STR data generated with the Promega Powerseq™ Auto System.
Analysis parameters for ForenSeq STR data was evaluated using the FDSTools pipeline option. A
Library file is crucial for the analysis and a substantial amount of work was dedicated to adapt the
Library file for the ForenSeq STR data. The Library file contains information on flanking regions,
prefix- and suffix sequences, and repeat structure for each targeted STR marker. Additionally, a
configuration file is necessary which contains user-defined analysis settings. For example, the
configuration file for the reference-database pipeline allows the definition of the threshold for
zygosity calling of reference samples, and the configuration file for case samples allows the
definition of several analytical thresholds for allele calling. Information regarding primer
sequences or other sequence information is not provided by the kit manufacturer due to
confidentiality. Therefore, this information was partially adapted from the ForenSeq flanking
sequences configured for the software STRaitRazor (Woerner et al., 2017), and the reference
genome GRCh38 was used to ensure correctness (Appendix B, Table 2). The flanking sequences
for marker D12S391 were obtained from Hoogenboom et al (2017). The prefix- and suffix
sequences were respectively defined as the sequence between the left flanking sequence and
beginning of the repeat region and between the right flanking sequence and the end of the repeat
region. These prefix- and suffix sequences are optional but aid in the generation of allele names.
Variations of the prefix- and suffix sequences were obtained from a sequence-based US population
study (Gettings et al., 2018). The repeat structures were defined according to the nomenclature
suggested by the Forensic STR Sequence Structure Guide (STRIidER, 2020). The length_adjust
parameter was adjusted for the markers D9S1122, D13S1301, D19S433, D21S11, Penta E, and
TPOX to prevent discrepancies between the allele number in the names generated by FDSTools
and traditional CE number in CE allele names.



Performance of the Library file and concordance of reference sample

To test the initial performance of the Library file, 10 samples were processed as reference samples
through the FDSTools reference-sample pipeline. Here, the main aim was to analyse the
concordance to the corresponding UAS profiles to control the accuracy of the constructed Library
file and parameters in the configuration file. The default configurations were applied, except that
the thresholds for marking potential -1 and +1 stutters were changed to 25% and 5% respectively,
as suggested by Gaag (2019). A shell script was created to automate the process of batch analysis.
Allele-calling of the uncorrected data was conducted by analysing the graphical html output
generated by FDSTools. In cases where more than one allele had been called at a locus, the two
most abundant sequences were considered. If the second allele was at least 25% of the most
abundant sequence, the allele was called. The concordance analysis with the corresponding UAS
profile was done by compiling the results using Microsoft Excel (version 16.45). When the
concordance appeared consistent, defined as when an allele observed with one software is
observed with the other software, the analysis was sequentially upscaled until all 99 samples had
been processed. Cases of disconcordance were analysed further to examine the potential cause.

Creating a reference database

The FDSTools reference database pipeline was used to generate a reference database. The
reference database was initially based on 10 samples and then the size was sequentially increased
by including 20, 50, 75 and 99 samples. Loci were called as heterozygous if the second allele had
a minimum percentage of 25% of the most abundant allele of the marker. Samples were
considered unsuitable if non-allelic sequences exceeded 15% of the most abundant allele of the
marker, and samples with more than five prominent non-allelic sequences were set to be rejected
(Gaag et al,, 2019). Non-allelic sequences were defined as sequences which does not fulfil the
thresholds for typing.

Zygosity threshold

The optimal threshold for zygosity calling of reference samples with FDSTools was evaluated by
generating a Receiver Operating Characteristics (ROC) analysis. The Youden method was used to
determine the optimal cutoff values. The results from the UAS DNA profiling were considered the
truth data. To distinguish between homozygous and heterozygous loci the apparent heterozygote
balance (AHb%) was used which is here defined as the percentage ratio of dividing the read count
of the second most abundant sequence at a locus with the read count of the most abundant
sequence at a locus. This value was obtained from the FDSTools reference sample pipeline output,
where the two most abundant sequences were identified for each locus and the AHb% was noted
for homozygous and heterozygous loci. For this analysis, homozygous loci were used as reference
and a locus was called homozygous if the AHb% was less than or equal to the threshold.
Subsequently, true positives were defined as the number of correctly called homozygotes, false
positives were defined as the number of heterozygotes incorrectly called as homozygotes, true
negatives were defined as the number of correctly called heterozygotes and false negatives were
defined as the number of homozygotes incorrectly called as heterozygotes. The optimal zygosity
threshold was evaluated using training datasets (70%) and the performance was assessed on test
datasets (30%). Global zygosity thresholds for two datasets were assessed; one dataset excluding
the STR marker D22S1045 due to its known AHb% imbalance, and another dataset excluding the
STR markers D22S51045, D5S818 and Penta E. Additionally, the marker specific zygosity
thresholds were assessed for D55818 and Penta E.
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Analysis of mixture samples

Analysis of mixture samples included 14 two- and three-person mixtures in replicates of 2 with
known DNA profiles. All replicates were treated as individual samples. For the two-person
mixtures, the minor profile comprised either 50%, 20%, 10%, or 5% of the total profile, and the
DNA input from the minor contributor decreased sequentially from 500 pgto 10 pg. For the three-
person mixtures, minor profiles comprised either 33%, 20%, 10% or 5% of the total profile and
the DNA input of the minor profiles decreased sequentially from 333 pg to 10 pg. When counting
the number of observed alleles at a locus, alleles shared between the contributors were defined
as 1. Observed drop-in alleles were considered in absolute numbers since the accepted threshold
for samples to be analysed with probabilistic genotyping software is three (Hansson & Gill, 2017).
Drop-out alleles were considered as percentages of the total number of expected alleles for 28
markers for UAS and FDSTools, and 16 markers for CE. One two-person mixture replicate where
the contribution was 50% each was excluded due to an abnormal number of observed alleles.

Analytical threshold

In FDSTools, allele calling efficiency can be affected by several user-defined thresholds. The effect
on the number of drop-in and drop-out alleles in uncorrected mixture profiles was evaluated for
different settings of the percentage of locus threshold; 4.5%, 3%, 2% and 1.5%. These results were
compared to analysis with default settings for UAS and CE.

EuroForMix

To evaluate the potential difference in weight-of-evidence of two- and three-person mixtures
originating from CE and UAS data, LR was determined using EuroForMix (version 3.2.0). The
minor contributor(s) was defined as the POI in two different scenarios: one where the major
contributor was considered to be a known reference (Ref) and another where the major
contributor was considered to be an unknown contributor (Uy). Since the three-person mixtures
contained two minor contributors of equal proportion, analyses were carried out for each minor
contributor as POL

The following propositions were considered for two-person mixtures:
(1)

_ Pr(E|Hy: POI + Ref)
~ Pr(E|Hy:Ref + U;)

(2)
Pr(E|H,: POI + Uy)
~ Pr(E|Hg:U; + Uy)

The following propositions were considered for three-person mixtures:
(3)

Pr(E|Hy: POI + Ref + Uy)
~ Pr(E|Hg:Ref + Uy + Uy)

(4)
_ Pr(E|Hp: POI + Uy + Uy)
- PI‘(E|Hd: U1 + UZ + U3)
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The R-package seq2lus (version 1.0.0) was used to convert the UAS allele sequences to the LUS
format. When performing LR calculations for MPS STR data, the ForenSeq STR kit was selected
and for analysis of CE data the ESX16 kit was selected. Caucasian allelic frequency data for the LUS
format was obtained from a US population dataset provided by the National Institute of Standards
and Technology (Just et al., 2020) and was used for the analysis of MPS STR data. For analysis of
CE data, allelic frequencies from a Swedish population were imported from STRs for identity
ENFSI Reference database (STRidER) via an EuroForMix extension. The following settings were
used for all calculations: detection threshold was set to 30 reads, the drop-in probability was
defined as 0.05, hyperparameter lambda was set to 0.01 and Fs was set to 0.01. The degradation
model was turned on and the forward- and backward stutter models were turned off. Bonferroni-
corrected goodness-of-fit tests, using the default singnificance level of 0.01, were performed to
validate the models in EuroForMix.

Statistical analysis

The distribution of the data was assessed with Shapiro-Wilk normality test and equal variance
was assessed with Levene’s test. The data was either presented as mean + one standard deviation
(SD) or as median with the interquartile range (IQR). Statistical differences were assessed with
parametric paired-samples t-test or non-parametric Wilcoxon signed-rank test. The significance
level a was set to 0.05. The open-source software R (version 4.0.3) was used to generate all the
figures and to perform all the statistical analyses.
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Results

Data quality

The MPS data was generated over multiple sequencing runs and the quality of the data was
assessed by analysing the MiSeq FGx run quality metrics in UAS which are summarised in Table
2. According to UAS the recommended ranges for cluster density (K/mm?2), clusters passing filter
(PF) (%), phasing (%) and pre-phasing (%) are 400-1650, > 80, < 0.25 and < 0.15 respectively.
The mean + SD cluster density (K/mm2) was 1129.00 + 91.97, the mean + SD clusters PF (%)
was 91.18 £+ 1.90, The mean + SD phasing (%) was 0.125 4+ 0.027 and the mean + SD pre-phasing
(%) was 0.176 + 0.084. All metrics were within the optimal range except for pre-phasing (%)

values in three out of six runs where the values exceeded the optimal range.

Table 2. Summary of MiSeq FGx run quality metrics from UAS. Values that are not within the optimal range
according to the UAS recommendations are marked in bold.

MiSeq FGxrun Cluster density (K/mm?)  Clusters PF (%) Phasing (%) Pre-phasing (%)

Optimal range  400-1650 >80 < 0.25 <0.15
1 1231.0 90.2 0.12 0.14
2 1177.0 88.0 0.14 0.18
3 965.0 92.4 0.11 0.24
4 1044.0 93.3 0.15 0.30
5 1142.0 92.2 0.15 0.14
6 1167.0 91.0 0.08 0.06
Mean 1129.00 91.18 0.125 0.176
SD 91.97 1.90 0.027 0.084

To ensure sufficient coverage of the markers included in the ForenSeq kit, a minimum of 85 000
reads per sample is recommended (Verogen). According to the statistics obtained from the sample
representation tab in the UAS software, the median total number of mapped reads per sample was
259 534 (IQR, 210 358-319 412) for 231 markers. The corresponding statistics obtained from
FDSTools showed a median number of mapped reads per sample of 260 886 (IQR, 230 222-
298 240) for Amelogenin and the 27 STRs. A Wilcoxon signed-rank test was run to determine if
there was a difference in the total number of mapped reads per sample between UAS and
FDSTools. The analysis was done using 99 samples. The test did not indicate a significant
difference in the total number of mapped reads per sample between UAS and FDSTools, W = 2624,
p = 0.56. Furthermore, a paired t-test was conducted to determine whether there was a
statistically significant mean difference in the number of reads mapped to Amelogenin and the 27
autosomal STRs between UAS and FDSTools. The mean + SD number or reads mapped to
Amelogenin and the 27 autosomal STRs with UAS (75 667 + 27 080) was significantly lower,
12976 reads (95% CI, 12 159-13 792), teg = 31.53, p < 0.001, compared to FDSTools (88 642 + 31
097).
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Comparison Between UAS and FDSTools
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Figure 3. Comparison of the average number of mapped reads per STR marker between UAS and FDSTools.
The difference is defined as the average number of reads per STR using UAS minus the average number of
reads per STR using FDSTools. The STR loci are sorted by the median, denoted by the horizontal line. The
boxes represents the 0.25 and 0.75 quartiles, and the whiskers represents 1.5 X the IQR.

Moreover, the difference in the average number of reads mapped to the Amelogenin and the 27
STR markers was assessed between UAS and FDSTools (Figure 3). A one-sample Wilcoxon signed-
rank test was run to determine whether the median difference of the average number of reads
mapped to Amelogenin and the 27 STRs was significantly different from zero. The median
difference in average number of mapped reads to Amelogenin and the 27 autosomal STRs (-191.0,
n = 2772) was significantly different from zero, p < 0.001. The difference in the average number
of reads was negative for all of the markers which indicates that FDSTools has a higher average of
mapped reads per marker compared to UAS. For example, the difference observed for marker
D20S482 is approximately -500 reads which suggests that FDSTools on average aligns an
additional 500 reads to the marker compared to UAS (Figure 3). Furthermore, marker D19S433
showed a large variation in the average difference in the number of mapped reads, suggesting that
either the performance of the marker is not consistent between different samples, or an error has
been made during data compilation.

Evaluation of ForenSeq STR data analysis with FDSTools
The performance of the Library- and configuration file for reference sample analysis was assessed
by investigating the ability to identify the expected STR markers, and checking that the defined

14



repeat units corresponded to the observed alleles, thereby generating a correct nomenclature.
The performance analysis was conducted by running 10 samples through the reference-sample
pipeline, and sequentially upscaling the analysis to cover all 99 samples. The expected STR
markers were identified in each sample, however, marker D12S391 generally showed
inconsistent coverage. By substituting the flanking sequences from STRaitRazor with those used
by Hoogenboom et al (2017), a better coverage could be obtained for marker D12S391.
Furthermore, the performance was assessed by analysing the concordance of the DNA profiles of
reference samples between UAS and FDSTools. This was performed by comparing the FDSTools
profiles generated from uncorrected data processed through the reference-sample pipeline with
the corresponding UAS profile. In FDSTools, the samples were typed as heterozygous if the second
allele was at least 25% of the allele with the highest coverage. Out of 2769 comparable loci from
UAS data, 2727 loci (98.48%) were concordant, and 46 loci (1.52%) were disconcordant.
Disconcordance was mainly observed for the STR markers PentaE, D55818 and D2251045. Of the
total observations of disconcordance, PentaE was disconcordant in 24 (52.17%) cases, D55818
was disconcordant in 9 cases (19.57%) and D22S1045 was disconcordant in 6 cases (13.04%).
The disconcordance appeared to be primarily caused by the drop-out of one allele at true
heterozygous loci, i.e. the loci were typed as homozygous in FDSTools whereas the loci was typed
as heterozygous in UAS. For example, in one case marker D55818 was typed as heterozygote with
the genotype (10,11) with 1082 and 167 reads per respective allele in UAS, whereas the marker
was typed as homozygote with the genotype (10,10) with 1101 and 171 reads for each respective
allele in FDSTools (Appendix C, Figure 1).

Zygosity threshold

Since the disconcordance between UAS and FDSTools appeared to be caused by loci being
incorrectly typed as homozygous in FDSTools, the AHb% threshold was evaluated with ROC
analysis to determine the optimal zygosity threshold for reference samples, where the optimal
cutoff was determined with the Youden method. The optimal AHb% global threshold excluding
marker D22S1045 in the training dataset (n=1809) was 23.995 which generated an AUC of 0.997
(95% CI, 0.995-0.999) and had a specificity and sensitivity of 1.000 and 0.987 respectively (Figure
4A). The performance of the threshold was assessed in a test dataset (n=776) which yielded an
accuracy of 0.987 (95% CI, 0.976-0.994) and a specificity and sensitivity of 0.986 and 0.993
respectively. The optimal AHb% global threshold excluding marker D2251045, D5S818 and
PentaE in the training dataset (n=1680) was 25.750 which generated an AUC of 0.998 (95% (I,
0.996-1.000) and had a specificity and sensitivity of 1.000 and 0.990 respectively (Figure 4B). The
performance of the threshold using the test dataset (n=720) showed an accuracy of 0.993 (95%
CI, 0.984-0.998) and a specificity and sensitivity of 0.995 and 0.983 respectively. ROC analysis of
a marker specific AHb% threshold for D55818 using a training dataset (n=67) suggested an
optimal threshold of 15.200 with an AUC of 0.996 (95% CI, 0.988-1.000), and a specificity and
sensitivity of 1.000 and 0.941 respectively (Figure 4C). Assessing the performance in a test dataset
(n=30) generated an accuracy of 0.933 (95% CI, 0.779-0.992) and a specificity and sensitivity of
0.956 and 0.875 respectively. ROC analysis of a marker specific AHb% threshold for PentaE using
atraining dataset (n=62) suggested an optimal threshold of 20.165 with an AUC of 0.984 (95% ClI,
0.996 0.999), and a specificity and sensitivity of 1.000 and 0.957 respectively (Figure 4D).
Assessing the performance in a test dataset (n=27) generated an accuracy of 0.963 (95% (I,
0.810-0.999) and a specificity and sensitivity of 1.000 and 0.800 respectively. Subsequently, the
results suggest that certain markers may be prone to imbalance, and therefore may require a
lower zygosity threshold.
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Figure 4. ROC analysis of optimal AHb% threshold for zygosity determination of STR loci using training
datasets. Thresholds were assessed for A) a global dataset excluding marker D22S1045 (n=1809), B) a
global dataset excluding markers D5S818, PentaE and D2251045 (n=1680), C) a marker specific data set
for marker D55818 (n=67) and D) a marker specific dataset for PentaE (n=62). In the graphs, the AUCs are
presented with the 95% CI, and the thresholds are presesented with specificity and sensitivity. Optimal
thresholds were determined with the Youden method.

Reference database

Several attempts were made to build a reference database for systemic noise estimation in
FDSTools using 99 samples. The process was successful in generating an allele list and allele
report for curation of the database, as well as graphical output of the frequency of each allele in
the database. For the generation of noise profiles with BGEstimate, each allele should be
represented by a homozygous genotype, which are visible as black dots in the graph, alternatively
each allele should be connected with three additional alleles which fulfil these requirements. The
generated allele graphs indicate that the number of alleles fulfilling these requirement increase
as the number of reference samples included in the reference database are enhanced, indicating
that the size of the reference database may influence the performance of the noise profile
(Appendix D, Figure 1 & 2). Although the allele representation in the reference database appeared
to be sufficient for the generation of a Stuttermodel for the prediction of stutter artefacts and a
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BGEstimate noise profile, no correction models could be obtained. When running the reference
database pipeline, error messages occurred which indicated that the tools required bidirectional
data, suggesting that the current FDSTools is not suitable for ForenSeq data which contains
unidirectional data. An updated version of FDSTools which is adapted to handle unidirectional
data is expected to be released in the near future, albeit not within the timeframe of this project.
Subsequently, the following analyses had to be conducted using uncorrected data from FDSTools.

Mixture sample interpretation

The purpose of assessing the analytical threshold for allele calling is to identify the minimum level
of detection where the tradeoff between drop-in and drop-out alleles is considered acceptable.
Drop-in alleles may obscure the results whereas drop-out alleles may result in loss of important
information (Appendix C, Figure 2). The FDSTools percentage-of-locus threshold was varied to
analyse the effect on the number of drop-in and drop-out alleles in mixture profiles, and to assess
the ability to identify minor contributor alleles compared to UAS and CE default methods. As
mentioned, the acceptable limit of drop-in alleles was three due to recommendations for the use
of probabilistic genotyping tools (Hansson & Gill, 2017). The CE and UAS methods generally
appeared to have a number of drop-in alleles below three at all minor profile ratios of two- and
three-person mixtures (Table 3A and 3B). Since no correction models could be applied to the
FDSTools data, the analysis was limited to uncorrected data. Subsequently, only a percentage-of-
locus threshold of 4.5% was able to generate an acceptable number of drop-in alleles at a minor
contribution level of 333 and 200 pg.

A common challenge with DNA profiling where the minor contributor is present at a very low
concentration is that alleles may fall below analytical thresholds (Appendix C, Figure 2). As the
DNA input of the minor contributor decreased, the drop-out percentage increased for the majority
of analyses (Table 3A & 3B). In both two- and three-person mixtures, UAS default settings
appeared to produce the highest percentage of drop-out compared to CE and the lower
percentage-of-locus settings for FDSTools. When the minor contributor was present in a ratio of
5% and a DNA input of 10 pg in the two-person mixtures, the results indicate that up to
approximately 22.3% and 35.8% of allelic information may be lost when using CE and UAS
respectively (Table 3A). For FDSTools the drop-out percentage decreased from 26.5% to 14.5%
as the percentage-of-locus threshold was lowered. This indicates that FDSTools have the potential
to retain more allelic information in complex mixtures compared to CE and UAS. In the
corresponding three-person mixture, CE and UAS showed a drop-out percentage of 24.6% and
40.4% respectively whereas FDSTools showed a decrease from 36.0% to 24.8% in drop-out
frequency (Table 3B). Hence, CE appears to retain more allelic information compared to UAS and
FDSTools.
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Table 3. The average number of drop-in alleles and average percentage of drop-out alleles observed when
performing allele calling with UAS default analysis, CE default analysis and FDSTools with varying
“percentage-of-locus” interpretation thresholds. The percentage of drop-out is based on 28 markers for UAS
and FDSTools, and 16 markers for CE.

A) Drop-in and drop-out frequency data for two-person mixture profiles

Minor profile % 50% 20% 10% 10% 10% 5% 5%
Minor profile pg 500 pg 200 pg 100 pg 20 pg 10 pg 50 pg 10 pg

Analysis method # drop-in / # drop-in / # drop-in / # drop-in / # drop-in / # drop-in / # drop-in /
% drop-out % drop-out % drop-out % drop-out % drop-out % drop-out % drop-out

CE Default 0.0 /0.0 % 0.0 /0.0% 0.0/3.2% 0.0 /9.6% 0.0 /19.1% 0.5/24.5% 1.0 / 22.3%
UAS Default 0.0 /0.0% 0.5/4.9% 0.5/241% 1.5/241% 0.5/ 34.6% 0.5/29.6% 0.75 / 35.8%
FDSTools 6.0 /0.0% 10.0 /4.8% 9.0/18.7% 10.0 /199% 9.5/22.3% 10.0 /319% 10.5/26.5%
Uncorrected 4.5%

FDSTools 12.0 / 0.0% 16.5/24% 18.0/6.6% 17.5/145% 14.0/205% 16.5/26.5% 18.5/21.7%

Uncorrected 3%
FDSTools 26.0 /0.0% 260/12% 24.0/2.4% 20.0/11.5% 20.0/151% 22.0/169% 24.0/151%
Uncorrected 2%
FDSTools 32.0 /0.0% 275/06% 27.0/3.6% 25.5/4.2% 225/133% 27.0/115% 22.5/145%

Uncorrected 1.5%

B) Drop-in and drop-out frequency data for three-person mixture profiles

Minor profile % 33% 20% 10% 10% 10% 5% 5%
Minor profile pg 333 pg 200 pg 100 pg 20 pg 10 pg 50 pg 10 pg

# drop-in / # drop-in / # drop-in / # drop-in / # drop-in / # drop-in / # drop-in /
Analysis method % drop-out % drop-out % drop-out % drop-out % drop-out % drop-out % drop-out

CE Default 1.0 / 0.0% 2.0 /0.0 1.5/0.0% 0.5/7.4% 1.5/13.1% 1.0 /13.9% 0.5/24.6%
UAS Default 0.0 /0.9% 1.0 /4.1% 0.0 /18.8% 2.0 /22.9% 0.0 / 28.4% 1.0 /43.1% 0.0 / 40.4%
FDSTools 3.0/0.5% 3.0/3.6% 7.5 /20.3% 7.5/ 24.8% 7.5/27.5% 8.5/38.3% 5.5/36.0%
Uncorrected 4.5%

FDSTools 9.5 /0.0% 14.0/14% 13.5/5.4% 13.0 /18.0% 9.5/21.2% 12.5/31.1% 12.5/34.2%
Uncorrected 3%

FDSTools 24.5 / 0.0% 21.5/09% 18.5/3.2% 17.5/14.0% 16.0/185% 17.5/17.6% 16.5/27.5%
Uncorrected 2%

FDSTools 35.0 /0.0% 28.0/05% 23.5/1.4% 19.5/104% 18.0/185% 20.5/10.8% 19.5/24.8%

Uncorrected 1.5%

Likelihood ratio

MPS STR data can potentially reveal more genetic information compared to traditional length-
based methods. The weight-of-evidence was assessed by performing LR calculations with
EuroForMix. All analyses passed model validation, i.e. the models appeared to explain the
observed alleles in all mixture profiles. The intention was to compare LRs generated with
FDSTools data with LRs based on UAS- and CE data to assess if one method would perform better
than another. However, due to the large number of drop-ins observed in the uncorrected FDSTools
dataset, LR calculations could only be performed using UAS and CE data, limiting the comparison.
The LRs were calculated for two-and three-person mixtures by considering two different
scenarios; one where the major contributor was known and another where the major contributor
was unknown. UAS showed higher logio(LR) in 6 out of 13 analyses when the major contributor
was conditioned, and in 5 out of 13 analyses when the major contributor was unknown (Table
4A). Hence, CE appeared to perform slightly better in terms of logio(LR), especially as the minor
contribution amount decreased below 200 pg. However, when performing paired t-tests to
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determine whether there was a statistically significant mean difference in logio(LR) between UAS
and CE, the mean difference was not significantly different when the major contributor was
known, -1.70 (95% CI, -1.76-5.16), ti2 = 1.07, p = 0.31, nor when the major contributor was
unknown, 0.01 (95% CI, -2.36-2.38), t12= 0.01, p = 0.99.

When minor contributor 1 was defined as the POI in three-person mixtures, UAS appeared to
generate higher logio(LR) in 11 out of 14 analyses when the major contributor was known, and in
8 out of 14 cases when the major contributor was unknown (Table 4B). Paired t-tests showed a
statistically significant mean difference in logio(LR) between UAS and CE when the major
contributor was known, 2.16 (95% CI, 0.26-4.02), t13 = 2.46, p = 0.03, but not when the major
contributor was unknown, 0.94 (95% CI, -0.64-2.51), ti3= 1.29, p = 0.22. The corresponding cases
of higher logio(LR) for UAS compared to CE decreased to 8 and 4 respectively when minor
contributor 2 was defined as the POI. Paired t-tests showed no statistically significant mean
difference in logio(LR) between UAS and CE when the major contributor was known, 0.89 (95%
Cl, -2.24-4.03), t13 = 0.62, p = 0.55, nor when the major contributor was unknown, -1.72 (95% CI,
-4.59-1.16), t13=1.30, p = 0.22. This indicates that MPS-based analysis with UAS has the potential
to yield higher logio(LR) compared to CE when interpreting three-person mixtures, but the
outcome may vary depending on the number of detectable alleles which can be attributed to the
POI.
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Table 4. Weight-of-evidence comparison of two- and three-person mixture interpretation between UAS
and CE. Asterisks denote observations where USA data produced higher logio(LR) than CE.

A) logi0(LR) for two-person mixtures where the minor contributor is the POI.

Minor DNA input per logio(LR) CE log10(LR) UAS  logio(LR) CE logi0(LR) UAS
contribution contributor Major known  Major known  Major unknown Major unknown
50% 500 + 500 pg 18.13 33.40* 10.99 20.71*

20% 800 + 200 pg 16.58 23.61* 16.57 18.97*

20% 800 + 200 pg 16.66 26.30* 16.65 20.92*

10% 900 + 100 pg 8.64 7.10 8.64 6.42

10% 900 + 100 pg 8.92 5.65 8.92 5.30

10% 180 + 20 pg 9.50 7.26 9.50 6.47

10% 180 + 20 pg 7.98 9.50* 7.98 8.65*

10% 90 + 10 pg 6.36 5.94 6.35 4.72

10% 90 + 10 pg 5.61 6.59* 5.62 5.12

5% 950 + 50 pg 2.69 1.82 2.69 1.74

5% 950 + 50 pg 6.03 0.54 6.03 0.39

5% 190 + 10 pg 4.46 434 4.47 3.72

5% 190 + 10 pg 2.27 3.85% 2.27 3.65*

B) log10(LR) for three-person mixtures where minor contributor 1 is POI

Minor DNA input per logio(LR) CE log10(LR) UAS  logio(LR) CE log10(LR) UAS
contribution contributor (pg) Major known  Major known  Major unknown Major unknown
33% 333+333+333 9.02 17.44* 6.90 13.73*

33% 333+333+333 8.81 15.83* 6.87 12.78*

20% 600 + 200 + 200 7.67 12.48* 7.62 9.71*

20% 600 + 200 + 200 8.08 14.22* 8.05 10.92*

10% 800 + 100 + 100 5.41 7.43* 5.41 5.33

10% 800 + 100 + 100 5.55 6.53* 5.55 5.71*

10% 160 + 20 + 20 2.64 4.44* 2.64 3.57*

10% 160 + 20 + 20 2.03 2.27* 2.03 0.61

10% 80+ 10+ 10 3.35 5.26* 3.34 3.15

10% 80+ 10+ 10 2.99 2.97 2.99 2.31

5% 900 + 50 + 50 2.44 1.10 2.44 0.19

5% 900 + 50 + 50 2.39 0.24 2.39 0.17

5% 180+10+ 10 0.57 0.61* 0.57 0.65*

5% 180 +10+ 10 -0.15 1.14* -0.15 0.95*

C) log10(LR) for three-person mixtures where minor contributor 2 is POI

Minor DNA input per logio(LR)CE logi0(LR) UAS  logio(LR) CE log10(LR) UAS
contribution contributor (pg) Major known Major known Major unknown Major unknown
33% 333 +333+333 14.06 22.58* 9.64 16.27*

33% 333 +333+333 13.94 22.09* 9.70 16.23*

20% 600 + 200 + 200 13.19 20.79* 13.00 14.16*

20% 600 + 200 + 200 13.51 17.90* 13.39 12.02

10% 800 + 100 + 100 12.25 9.42 12.25 6.69

10% 800 + 100 + 100 12.11 14.34* 12.12 11.40

10% 160 + 20 + 20 8.53 14.44* 8.53 9.87*

10% 160 + 20 + 20 9.94 10.37* 9.94 NA

10% 80+10+10 7.29 478 7.29 2.26

10% 80+ 10+ 10 8.14 6.52 8.14 4.49

5% 900 + 50 + 50 6.45 2.68 6.45 1.47

5% 900 + 50 + 50 11.95 3.22 11.95 2.66

5% 180 +10 + 10 4.90 5.13* 4.90 3.52

5% 180+ 10+ 10 9.33 3.87 9.33 3.36
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Discussion

The objectives of this study were to optimise analysis of ForenSeq STR data using FDSTools, and
to compare the performance of FDSTools to the commercial software UAS. Bioinformatic analysis
pipelines are recommended to include steps at which quality control is performed (Roy et al.,
2018). For example, this could include inspection of the quality of the sequencing process which
provides an indication of the data quality (Churchill et al., 2016; Sharma et al, 2020). The
summary of the MiSeq FGx run quality metrics indicated that the sequencing runs generally
fulfilled the recommended ranges, indicating that the sequencing quality was sufficient (Table 2).
Although pre-phasing values were slightly above the optimal range, according to the
manufacterer’s manual, pre-phasing values outside the suggested range do not necessarily have a
negative impact on the analysis (Verogen). Read data is generally not quality filtered before
analysis with UAS or FDSTools, a process which is otherwise commonly included in MPS analysis
workflows (Liu & Harbisson, 2018). Instead, the software adapted for forensic analysis contains
inherent quality control parameters which can be defined by the user (Gaag et al., 2016;
Hoogenboom et al., 2017; Jgnck et al., 2020; Woerner et al., 2017). With this in mind, the quality
of the sequencing data was considered acceptable to be used in the downstream analyses.

To investigate potential differences in how UAS and FDSTools process data, a comparison
regarding read count statistics was conducted (Churchill et al, 2016; Hollard et al., 2019).
According to the UAS manual at least 85 000 reads per sample is recommended, which for the
ForenSeq kit includes reads mapped to both STRs and SNPs (Verogen). The average total number
of mapped reads per sample exceeded this general guideline when using either software, and
there did not appear to be any significant difference in the average number of mapped reads when
processing the FASTQ files with UAS and FDSTools. This is interesting since the total number of
reads per sample presented in UAS is assumed to encompasse reads mapped to both STRs and
SNPs, whereas the total number of reads per sample derived from FDSTools are only mapped to
STRs. It was hypothesised that differences may be observed in the number of reads mapped to
Amelogenin and the 27 autosomal STR markers due to potential inconsistencies in the primer
sequence definitions since the true ForenSeq primer sequences are confidential. Here, the results
showed that mapping with FDSTools yielded an increased average total number of reads mapped
to the markers, indicating that more reads may be retained during alignment which could affect
allele calling. These results were further validated when comparing the difference in the average
number of reads mapped to the individual markers, where FDSTools consistently showed a higher
average compared to UAS (Figure 3). Previous studies have shown that the coverage of the loci is
associated with the performance of allele calling, where loci with low coverage are more prone to
drop-out compared to loci with high coverage (Just et al, 2017; Sharma et al.,, 2017, 2020).
Subsequently, the results suggest that analysis with FDSTools may result in better coverage of the
markers, which could be beneficial during allele calling. However, the read data was not
investigated in terms of the proportion of reads belonging to genuine alleles, stutter products or
other sequencing artefacts meaning further analysis may be necessary to for a more
comprehensive comparison between the software (Gaag et al., 2016).

The adaptation of the Library file to suit ForenSeq STR data was central to this thesis work and
the performance was assessed based on concordance to UAS results. Previous studies have
reported a concordance of near 100% between UAS and CE (Hussing et al., 2018; Just et al,, 2017;
Jager etal., 2017; Kocher et al., 2018). Similarly, a comparison between FDSTools and CE showed
complete concordance (Gaag et al., 2016). The results of this study indicated that genotyping of
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reference samples with FDSTools was approximately 98.5% concordant with UAS. Due to the
comparatively high agreement between FDSTools and UAS, the adaptation of the Library file could
be considered sufficient for analysis of ForenSeq STR data. Although the results are in line with
previous studies, neither the UAS profiles nor the corresponding FDSTools profiles have been
compared to well established CE data which is usually the standard. Considering this, the study
could benefit from further comparison to CE data. Furthermore, the FDSTools profiles of the
reference samples were generated using uncorrected data, i.e. potential stutter- and noise
artefacts had not been removed. If the reference samples are intended to be included in a
reference database where correction models are to be based on the present alleles, it is important
to ensure that the called alleles are genuine (Gaag et al., 2016; Hoogenboom et al.,, 2017).

Default analysis with UAS could be considered to perform equal to CE, however, it has been
suggested that intralaboratory optimisation of the analytical thresholds- and filters could improve
analysis of reference samples (Hussing et al., 2018; Moreno et al., 2018; Zavala et al., 2019). For
example, increasing the IT and AT have been suggested to reduce the complexity of reference-
sample analysis, although loci where alleles fall between AT and IT still have to be manually
inspected (Just et al., 2017). On the other hand, when analysing mixtures, the default UAS settings
have been shown to be stringent which may affect the detection of alleles from a minor
contributor (Benchop et al., 2021; Bleka et al.,, 2020). This could either be interpreted as an
argument to reject UAS as a potential choice of software, or it could be seen as an incentive to
evaluate different thresholds to identify the optimal settings.

In-vivo, sister alleles at heterozygous loci are expected to be present in equal proportion (Riman
etal, 2020). During STR typing, stochastic events are known to cause heterozygote imbalance e.g.
due to random sampling during pipetting or caused by preferential amplification during PCR
(Riman et al,, 2020; Vilsen et al., 2017). It has been established that heterozygote imbalance is a
contributor to interpretation issues during allele calling, mainly resulting in false homozygous
genotypes (Hollard et al,, 2019). Additionally, deletions or substitutions in the flanking regions
may result in disconcordance, meaning it is important to assess the performance of the
configuration of the flanking sequences used for mapping of the intended markers (Devesse et al.,
2020; Gettings et al.,, 2016; Moreno et al., 2018). The disconcordance between FDSTools and UAS
appeared to be caused by heterozygote imbalance, causing the second allele to drop-out. The
markers PentaE, D55818 and D22S1045 were overrepresented in terms of typing of false
homozygous genotypes. D2251045 is characterized by a strong imbalance during typing and has
shown drop-out in both good- and poor quality samples in previous experiments (Hussing et al.,
2018; Just et al,, 2017; Jager et al.,, 2017; Sharma et al., 2020). Hence, D22S1045 often performs
poorly due to the strong imbalance of which may result in disconcordance between analyses
(Churchill et al., 2016; Hollard et al., 2019; Hussing et al., 2018; Moreno et al,, 2018). Therefore,
the loci is commonly excluded in validation experiments and is recommended to be interpreted
with caution (Jager et al., 2017). Disconcordance due to heterozygote imbalance has also been
reported for PentaE and D55818 (Devesse etal., 2020; Guo et al.,, 2017; Hussing et al., 2018; Miiller
et al,, 2018; Silvia et al., 2017). Hence, the results regarding disconcordance appear to be in line
with previous observations and should be considered during allele calling with FDSTools.

A difference between UAS and FDSTools is that UAS performs allele calling based on the global AT
and IT thresholds, whereas FDSTools allows a specific threshold for zygosity in addition to
minimum read countrequirements (Hollard etal., 2019; Hoogenboom et al., 2017; Justetal., 2017;
Jager et al,, 2017). Considering that heterozygote imbalance in certain markers resulted in
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disconcordance between UAS and FDSTools, the optimal AHb% threshold for zygosity was
evaluated for analysis with FDSTools (Riman et al., 2020). The AHb% threshold used for analysis
of reference samples was 25%. The suggested thresholds were 23.995% for the dataset excluding
D2251045, and 25.750% for the dataset excluding D22S1045, D5S818 and PentaE. The
performance of these thresholds was high in the corresponding test datasets. This indicates that
an AHb% threshold of approximately 25% is suitable for most reference sample data, meaning
the setting used in this study appears to be acceptable. When looking at the marker specific AHb%
threshold for D55818 and PentaE, the suggested AHb% thresholds were lower at 15.200% and
20.165% respectively. The lower optimal AHb% thresholds reflect the heterozygote imbalance
observed in this dataset. Similar to D22S1045, this suggests that D55818 and PentaE potentially
should be interpreted with caution during allele calling. However, it should be noted that the
sample sizes for analysis of PentaE and D55818 were comparatively small which may have
affected the results. Hence, further optimisation of the zygosity thresholds is recommended.
FDSTools does not currently contain an option for marker specific zygosity thresholds which
could potentially be included in future updates of the software.

An additional distinction between UAS and FDSTools is the different approaches to stutter
filtering and noise correction. UAS filters data by applying the AT and IT based on read count, as
well as marker specific stutter filters (Jager et al.,, 2017; Bleka et al., 2020). Contrarily, FDSTools
utilises a quantitative correction approach where stutter- and noise sequences are predicted from
models based on a reference database (Hoogenboom et al., 2017). Although one of the primary
aims of this thesis project was to set up a reference database with a Swedish population, the task
failed due to current limitations of the FDSTools software. FDSTools was initially developed for
PowerSeq STR data which is bidirectional whereas the ForenSeq STR data is unidirectional (Gaag
et al., 2016; Hoogenboom et al., 2017). This caused problems in the generation of stutter- and
noise correction models which are intended to aid in the interpretation of complex samples such
as mixtures. Researchers are currently working on adapting FDSTools for unidirectional data, and
are subsequently evaluating optimal correction- and allele calling thresholds for ForenSeq STR
data (Benchop et al,, 2021; Hoogenboom et al., 2021). Hence, as the new version is released, the
intended work of evaluating analysis of ForenSeq STR data with FDSTools could be continued.

As previously described, the purpose of performing intralaboratory evaluation of thresholds for
allele calling is to identify settings where the reported results can be considered reliable (Young
et al, 2017; Zavala et al., 2019) A stringent AT increases the risk of drop-out events, and may
subsequently increase the risk of loss of important information, however, a less stringent AT
increases the risk of drop-in events which may obscure mixture interpretation (Hoogenboom et
al, 2017; Bleka et al., 2020; Benchop et al., 2021). Thus, the established thresholds should meet a
satisfactory balance between drop-in and drop-out events. Hoogenboom et al. (2017) assessed
the effect on the number of drop-in- and drop-out events when varying the percentage-of-locus
threshold. The percentage-of-locus threshold was shown to directly affect the percentage of drop-
out events, where more stringent settings resulted in a higher percentage of observed drop-out
alleles (Hoogenboom et al., 2017). The observed drop-in alleles mainly appeared to be a result of
hybrid PCR artefacts and not stutter products (Hoogenboom et al.,, 2017).

The results of this study were generally consistent with the previous observations. As the
percentage-of-locus threshold was lowered, a decrease in the percentage of drop-out was
observed, but simultaneously the number of drop-in alleles increased (Table 3A & B). Analysis
with FDSTools consistently resulted in higher numbers of drop-in alleles compared to analysis
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with UAS and CE, which could be explained by the lack applied of stutter- and noise correction
models. As a consequence, the drop-in alleles mainly appeared to consist of stutter products which
is in contrast to the observations by Hoogenboom et al. (2017). The aim of this evaluation was to
identify an optimal percentage-of-locus threshold for analysis of ForenSeq STR data.
Unfortunately, this could not be achieved since only uncorrected FDSTools data could be used in
this study. Subsequently, without the application of stutter- and noise correction models on the
data it was difficult to discern an optimal percentage-of-locus threshold for allele calling with
FDSTools. Although it has been previously suggested that the AT can be significantly reduced
when using corrected FDSTools data, it has been shown that even with provisional FDSTools
correction models applied, FDSTools analysis of ForenSeq STR data appears to be prone to
elevated stutter- and noise levels compared to analysis with UAS, PowerSeq and CE (Benchop et
al, 2021). The authors explain the presence of artefacts by the use of comparatively low
percentage-of-locus threshold and by the application of suboptimal correction models (Benchop
et al,, 2021). Hence, when analysing ForenSeq STR data with FDSTools, remaining artefacts may
pose a problem despite the application of correction models (Hoogenboom et al., 2017; Benchop
etal, 2021).

Discerning a minor profile in a complex sample may be challenging due to allele masking, i.e.
shared alleles, and allele drop-out (Benchop et al., 2021; Young et al,, 2019). By increasing the
number of markers and potentially increasing the number of heterozygous loci due to sequence
variants, the ambiguity during mixture analysis may be reduced (Hwa et al., 2019; Young et al,,
2019). Hence, MPS STR data is suggested to potentially increase the information gained during
DNA profiling compared to CE (Benchop etal., 2021; Bleka et al., 2020; Liu et al., 2020). Using LUS-
based allele information has been shown to increase the LR compared to RU-based allele
information (Just & Irwin et al., 2018; Bleka et al., 2020). In this study, UAS generally resulted in
higher logio(LR) compared to CE for the more complex mixtures with three-contributors (Table
4B & (). The results were however not consistent, i.e. the logio(LR)s differed depending on which
minor contributor was conditioned as the POI, and if the major contributor was conditioned or
not in the model. The reason for this could be differences in the number of masked alleles, or the
number of unique sequence variants detected (Benchop et al.,, 2021; Young et al., 2019). This
indicates that MPS analysis could be beneficial for analysis of certain samples, but the benefits
from increased multiplexing and sequence level information does not necessarily outweigh the
robustness of CE (Sharma et al., 2019; Wu et al. 2019)

Although sequence variants are believed to increase the discriminatory ability, it is not uncommon
that individuals possess the same variants (Gelardi et al., 2014; Silvery et al., 2020; Staadig &
Tillmar, 2019; Xue et al, 2018). LR calculations takes population frequencies of the observed
alleles into consideration, where the frequencies of certain alleles may differ between populations
(Bleka et al., 2020; Devesse et al., 2020; Gettings et al., 2018; Novroski et al., 2016). Since there
are currently no available sequence-based allele frequencies for a Swedish population, American
population data was used for the LR calculations with MPS STR data whereas Swedish population
data was used for CE data. The reported frequencies for sequence variants in the American
population could potentially differ from those in a Swedish population (Gettings et al., 2018).
Thus, the analysis is recommended to be repeated once Swedish sequence-based allele
frequencies have been established for a more relevant comparison. The weight-of-evidence could
not be assessed for FDSTools profiles due to the significant number of observed drop-in alleles.
Correcting the samples by applying stutter- and noise correction models generated with the

24



future FDSTools version may result in a reduced number of called artefacts (Benchop et al., 2021;
Hoogenboom et al,, 2017, 2021).

In conclusion, the results from DNA profiling of reference samples with FDSTools was highly
concordant with the corresponding UAS profiles. Cases of disconcordance occurred due to
heterozygote imbalance which suggested that markers such as D55818 and PentaE may require
manual interpretation to avoid erroneous typing caused by allele drop-out. The results from
mixture interpretation indicated that FDSTools may be advantageous to default UAS analysis since
lower AT levels could potentially retain more information from minor contributors. Yet, the large
number of observed drop-in alleles when using uncorrected data poses a problem. The results are
believed to be less ambiguous after the successful set up of a reference-database and subsequent
generation of robust correction models. However, the use of ForenSeq STR data may still yield
interpretative challenges due to elevated stutter- and PCR artefacts. Hence, before FDSTools can
be considered a viable option for DNA profiling a Swedish reference database has to be generated,
and further evaluation of analytical parameters is necessary. Alternatively, intralaboratory
optimisation of UAS thresholds could serve to reduce drop-out percentage, meaning that if a
better tradeoff of drop-in and drop-out could be obtained, UAS could be a viable option in routine
forensic analysis.

Ethical aspects, gender perspectives, and impact on the society

The Swedish Police Authority is responsible for the handling of personal data according to the EU
data protection regulation (2016/679) and the volunteers submitting their respective DNA
sample are required to provide informed consent according to article 6.1a in the data protection
regulation before participation. Data obtained from biological samples (saliva) was used in this
thesis work. The samples have been collected from volunteers under informed consent and the
resulting sequencing data have thereafter been de-personalised, i.e. the DNA results have been
linked to coded identities which have been separated from the identities of the individuals. The
samples and information are securely stored at the Biology Section at the NFC. Hence, the report
does not contain information which can be traced back to an individual, and specific care was
taken to ensure that unauthorised personel did not have access to the data. The analyses included
samples from both males and females, where the only significance of the gender was to assess if
the genotype was concordant between different analysis methods. This work is part of NFCs
research into the possibilities of implementing MPS-STR DNA profiling as a complement to CE for
analysis of certain samples. The ambition is to increase the number of successfully generated DNA
profiles, which could aid in criminal investigations. Although this field of research is still in early
stages, this work has helped to shed light on areas where further optimisation is required, and
highlighted difficulties with MPS STR analysis. The compiled data from this thesis work could
serve as a foundation for future research into the possibilities of using MPS-STR data for DNA
profiling.
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Future perspectives

The purpose of this project was to optimise parameters within FDSTools for analysis of ForenSeq
STR data, and to compare the potential benefits of using FDSTools over the commercial software
UAS. Since a substantial proportion of DNA evidence is of such poor quality that sufficient DNA
profiles cannot be acquired, current research is focusing on evaluating the potential use of MPS-
based methods for this very purpose (Hoogenboom et al., 2017; Sharma et al., 2019; Zavala et al.,
2019). Although all objectives of this project could not be achieved, the results provide a basis for
future research at NFC. For example, this work has highlighted potential benefits of MPS-based
DNA profiling with FDSTools, as well as served to identify areas where work is required before
implementation could be a reality. The FDSTools analysis pipelines contains additional thresholds
which can be assessed and optimised in future work (Hoogenboom et al.,, 2017). MPS-based
methods may provide benefits for analysis of complex samples, but the interpretation requires
special knowledge of the characteristics of MPS STR data and how to handle the analysis software
(Hollard et al., 2019; Just et al., 2017; Wu et al., 2019). Researchers at forensic laboratories are
actively working to overcome the challenges associated with MPS STR analysis, including the
development of FDSTools and refinement of ForenSeq STR data analysis (Benchop et al., 2021).
Simultaneously, an expert system called DNAxs is being evaluated which will e.g. include modules
for the software FDSTools and EuroForMix (Benchop et al, 2019). It takes time to develop
validation guidelines for bioinformatic pipelines and implemention of new analysis methods in
the forensic field. This is in contrast to the clinical field where bioinformatic validation guidelines
already exist and MPS-based analysis is routinely used (Roy et al., 2018). Nevertheless, the
prognosis of MPS-based methods being used in forensic laboratories in the future remains
optimistic.
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Appendix A. Overview of analysis with FDSTools

FASTQ-file

ey

Figure 1. Schematic illustration of the processing of a FASTQ file with FDSTools, and the tools included in
the reference sample, reference database and case sample pipelines. The FASTQ file can either be prepared
for inclusion in a reference database through the reference sample pipeline, or it can be processed through
the case sample pipeline for noise correction and threshold-based DNA profiling.
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Appendix B. General information of the autosomal STRs and primer sequences

Table 1. Information of the autosomal STR loci included in the ForenSeq™ DNA Signature Prep kit.

Locus Chromosome General Repeat structure Allele length (range)
D1S1656 1 CCTA [TCTA]~TCA [TCTA]n 7-21.3
TPOX 2 [AATG]n 4-16
D2S441 2 [TCTA]a TCA [TCTA]n 7-17
D2S1338 2 [GGAA]n GGAC [GGAA}n [GGCA]n 10-33.1
D3S1358 3 [TCTA]n [TCTG]n [TCTA]x 8-22
D4S2408 4 [ATCT]n 8-13
FGA 5 [GGAA]n GGAG [AAAG]n AGAA AAAA [GAAA]n  12.2-53
D5S818 5 [ATCT]n 4-20
CSF1PO 5 [ATCT]n 5-17
D6S1043 6 [ATCTn [ATGT]n [ATCT]a ATGT [ATCT)n 8-26
D7S820 7 [TATC]n 5-21.1
D8S1179 8 [TCTA]a [TCTG]n [TCTA]n 6-20
D9S1122 9 TAGA [TCTGin [TAGA]n 8-15
D10S1248 10 [GGAA]n 7-20
THO1 11 [AATG]n ATG [AATG]x 3-14
VWA 12 [TAGA]n [CAGA]n TAGA 11-26
D12S391 12 [AGAT]n GA T [AGAT]n [AGAC]n AGAT 13-28
D13S317 13 [TATC]n 5-17
PentaE 15 [TCTTT]n 5-28.4
D16S539 16 [GATA]n 4-17
D17S1301 17 [AGAT]n 9-15
D18S51 18 [AGAA]n AG 6-40
D19S433 19 [CCTT]n ccta [CCTT]n cttt [CCTT)n 4-27
D20S482 20 [AGAT]n 9-17
D21S11 21 [TCTA]n [TCTG]n [TCTA]nta [TCTA]n tca 12-41.2
[TCTA]ntccata [TCTA]n TA [TCTA]x
PentaD 21 [AAAGA]n 1.1-19
D2251045 22 [ATT]n ACT [ATT]n 8-19
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Table 2. The forward- and reverse primer sequences used for ForenSeq STR data analysis with FDSTools.

Locus Forward primer Reverse primer

D1S1656 TCCTGTGGTTAGTCAGGATTC CATCACACAGT

TPOX CTTAGGGAACCC GCAAATAAACGC

D25441 AGGGCTACAGGAATCATGAG GCTCCAATTTAA

D2S1338 AGTAAGTTAAAGGATTGCAG CTGTTTCCAAAT

D3S1358 TGGTGTGTATTCCCTGTGCC TGTCACCCAGAT

D4S2408 TTCAATAGAAAG CTATTTTTCAGTCATTTCAG
FGA GAGTGATTTGTCTGTAATTG CTAGCTTGTAAA

D5S818 TATCTGTATCCT ATTACGTAAGGATACCAAAG
CSF1PO CTGTTCTAAGTA CTATCTATGAAGGCAGTTAC
D6S1043 TCTCCAGCTTAC CACCCATCCTTGCACACTAT
D7S820 ATTAAATGTTTACTATAGAC GACAAGTGTTCT

D8S1179 ATTTCATGTGTACATTCGTA CACAGTGAAAAT

D9S1122 GGGGGTATTTCA AGGTAAACTAGAAGCTTTCA
D10S1248 GTCACAAACATATTAATGAA GTTCCTTTAATA

THO1 AGGGCTTCCGAG GAGGAACAGGCCAATGGGAA
vWA GGACAGATGATA CCAAGTCACATACTGATTAT
D12S5391 AGAAAGAATCAACAGGAT GATTTATTAGAGGAATTA
D13S317 GACTCTCTGGAC CTGCCTATGGCTCAACCCAA
PentaE CTTATTTGGGTTATTAATTG GGGTTCAAGTGA

D16S539 AAAGGCAGATCCCAAGCTCT ATGCTTACAGAT

D1751301 ATGCATGTGTTTATTTATAC GTTATACACATT

D18S51 GAGTGACAAATTGAGACCTT CATCTCCACACA

D195433 TTTGGTGCACCCATTACCCG TTTTGCAGCCTC

D205482 CGTGTACTAGAGTTCTTCAG CATGTGGTTATG

D21S511 GGACTTTTCTCAGTCTCCAT CCAGTCTATCTA

PentaD GCATGGTGAGGCTGAAGTAG GGGGAAAAAAAGAGAAT
D2251045 CTTAAACCTGAT CATACATTCGCGTGATCACT
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Appendix C. Graphical illustration of allele calling with FDSTools
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Figure 1. lllustration of the effect of lowering the zygosity threshold during allele-calling for marker D55818
in a reference sample. Typed alleles are represented by the green colour, and untyped alleles are greyed
out. The dotted red line in A) represents an AHb% of 25% and in B) the red dotted line represent an AHb%
of 15.2%. The number of reads is 1101 for allele 10 and 171 for allele 11.
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Figure 2. Example of the effect of varying the percentage-of-locus threshold for three-person mixture
interpretation of locus D12391 with FDSTools. The ratio of contribtution is 8:1:1 in 1000 pg DNA. In A) the
percentage-of-locus threshold is 4.5% and in B) the percentage-of-locus threshold is 2%. The true alleles in
the three-person mixture is 15, 17, 18, 19 and 24. The genotype of the major contributor in 15 and 17, and
the genotypes of minor contributor 1 are 15 and 18 and the genotypes of minor contributor 2 is 19 and 24.
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Appendix D. Visualisation of allele frequencies in FDSTools
databases
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Figure 1. Visual representation of alleles present in a reference database with 10 reference samples. Alleles
are presented as colored circles. Black inner circles represent homozygous genotypes and circles
interconnected by lines denotes heterzygote genotypes. The size of the colored- and black circles and the

lines are proportional to the number of samples with that specific allele or combination of alleles.
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Figure 2. Visual representation of alleles present in a reference database with 99 reference samples. Alleles
are presented as colored circles. Black inner circles represent homozygous genotypes and circles
interconnected by lines denotes heterzygote genotypes. The size of the colored- and black circles and the
lines are proportional to the number of samples with that specific allele or combination of alleles.
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