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SUMMARY

This thesis focuses on detecting exogenous DNA, whether it arises naturally through admixture
or is introduced through genetic modification, by advancing methods for identifying these
genetic traces. In Chapter 1, we developed a highly multiplexed amplicon sequencing assay to
detect first-generation GMOs. Our assays use a microfluidics platform and next-generation
sequencing (NGS) to amplify in parallel and sequence multiple GMO targets. We designed 230
primer pairs to amplify GM events across different crops. We also included barcoding markers
for species identification. We demonstrated that our assay can detect first-geneation GMOs in a
parallel amplification. Our assay also uncovered potential “unknown” GM events that standard
PCR screens might miss. Given its scalability in simultaneously processing multiple targets and
samples, our microfluidics-based assay can serve as a first-pass screening tool. It enables
broad detection that can be reviewed with confirmatory methods. In Chapter 2, we introduced
LOCO (LOw depth COpy algorithm), a new computational model to infer local ancestry from
low-coverage sequencing data without depending on external reference panels. LOCO builds
upon Li & Stephens—style copy models but constructs its reference haplotypes directly from the
data. By simulation tests, we demostrated that LOCO can infer the correct ancestry in admixed
genomes and detect longer introgressions. However, we observed that short ancestry segments
are often misassigned, a common limitation of local-ancestry tools. In Chapter 3, we applied this
ancestry-inference idea to second-generation GMO detection. Here, we simulated
second-generation GMO-like modification in rice genomes by artificially copying small segments
from one individual into another. In principle, LOCO should flag these segments as introgression
if they are different from the individual's ancestry background. However, we encountered
difficulties with initialising the parameters needed by LOCO. Given that the set of parameters
used by LOCO are unknown for this data set, LOCO failed to find the global maxima solutions.
We need a better strategy for initialising the parameters from real-world data bceause we rarely
know the true value of the parameters. Overall, this thesis demonstrates thats our sequencing

and computational methods can significantly improve the detection of exogeneus DNA.



RESUME

Cette thése porte sur la détection de 'ADN exogéne, qu’il provienne naturellement par métissage ou
qu’il soit introduit par modification génétique, en développant des méthodes permettant d’identifier
ces traces génétiques. Au Chapitre 1, nous avons développé un test de séquencage d’amplicons
hautement multiplexé pour détecter les OGM de premiére génération. Nos tests utilisent une
plateforme de microfluidique et le séquengage de nouvelle génération (NGS) pour amplifier en
paralléle et séquencer plusieurs cibles OGM. Nous avons congu 230 paires d’amorces pour
amplifier des événements de modification génétique dans différentes cultures. Nous avons
également inclus des marqueurs de codage-barres pour l'identification des espéces. Nous avons
démontré que notre test peut détecter les OGM de premiére génération par amplification paralléle.
Notre test a également révélé des événements OGM « inconnus » que les tests PCR standards
pourraient ne pas détecter. Etant donné sa capacité a traiter simultanément plusieurs cibles et
échantillons, notre méthode basée sur la microfluidique peut servir d’outil de dépistage initial. Elle
permet une détection large qui peut ensuite étre examinée a 'aide de méthodes de confirmation
plus sensibles. Au Chapitre 2, nous avons présent¢é LOCO (algorithme de COpy a faible
profondeur), un nouveau modele computationnel permettant d’'inférer 'ascendance locale a partir de
données de séquengage a faible couverture, sans dépendre de panels de référence externes.
LOCO s’appuie sur des modeles de type Li & Stephens, mais construit ses haplotypes de référence
directement a partir des données. A travers des simulations, nous avons démontré que LOCO peut
inférer correctement I'ascendance dans des génomes issus d’admixture et détecter de longues
introgressions. Toutefois, nous avons observé que les segments courts d’ascendance sont souvent
mal attribués, une limitation fréquente des outils d’inférence d’ascendance locale. Au Chapitre 3,
nous avons appliqué cette approche d’inférence d’ascendance a la détection dOGM de seconde
génération. Nous avons simulé, dans ce cadre, une modification de type OGM de seconde
génération dans des génomes de riz, en copiant artificiellement de petits segments d’un individu a
un autre. En principe, LOCO devrait identifier ces segments comme des introgressions s'ils different
du fond d’ascendance de l'individu. Toutefois, nous avons rencontré des difficultés a initialiser les
paramétres nécessaires au bon fonctionnement de LOCO. Etant donné que I'ensemble des
parameétres requis est inconnu pour cet ensemble de données, LOCO n’a pas réussi a trouver les
solutions de maximum global. Il est donc nécessaire de développer une meilleure stratégie
d’initialisation des paramétres pour les données réelles, car dans la pratique, la vraie valeur de ces
parametres est rarement connue. Dans I'ensemble, cette thése démontre que nos méthodes de
séquencage et nos outils computationnels peuvent considérablement améliorer la détection de
I’ADN exogeéne.



GENERAL INTRODUCTION

Exogenous DNA can be defined as a genetic piece that comes from outside an
organism and integrates into the genome of that organism. This integration can happen
naturally or by human-made introgression. Hybridisation is a type of natural
introgression when individuals from different species reproduce, and their progeny
inherit the genetic material from both parents (Baack & Rieseberg, 2007; Schwenk et
al., 2008). In humans, admixture, the process where genetic material is exchanged
between populations, represents a natural way of generating exogenous DNA. The
genome of an admixed individual is a mixture formed from two or more diverged
populations (Korunes & Goldberg, 2021). Each chromosome is a mosaic of segments
derived from a particular ancestral population. Admixture shapes human genetic
diversity, influences traits and contributes to disease susceptibility (Divers et al., 2017;
Garzén Rodriguez et al., 2024; Gomez et al., 2015; Koller et al., 2022; Pankratov et al.,
2024; Welter et al., 2014; Xia et al., 2024). Genome-wide association Studies (GWAS)
have identified more than one thousand loci, specific positions of the genome, in the
human genome associated with complex traits (Welter et al., 2014). Combining GWAS
and methods for admixture detection helps to understand how different ancestral
backgrounds contribute to certain diseases. For example, the European biobank found
that post-Neolithic admixture events contributed to genetic predisposition traits related
to heart rate and bone mineral density (Pankratov et al., 2024). Other studies of African
Americans demonstrated that admixture mapping can identify loci related to coronary
artery calcification, which is an indicator of atherosclerosis, and that loci differ between
African and European ancestry (Divers et al., 2017; Gomez et al., 2015). Another study
in Latin American populations identified specific genetic variants at loci associated with
increased risk for ADHD that were predominantly inherited from European ancestry
(Garzon Rodriguez et al., 2024). In another study, non-human but hominin Denisovan
loci related to coronary artery disease heritability were found in East Asian populations
(Koller et al., 2022). Neanderthal alleles were associated with traits like red hair colour
and psychiatric conditions in Europeans (Koller et al., 2022). A study about the Major

Histocompatibility Complex (MHC), which helps the body recognise foreign substances,
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found that conserved ancestral haplotypes, which have been passed over many
generations, carry susceptibility and resistance to autoimmune diseases (Dawkins &
Lloyd, 2019). In another non-human study in grapevine, Vitis vinifera, to investigate the
role of historical admixture in shaping genetic diversity, it was found that domesticated
grapevines have signatures of admixture from wild grape populations, which influenced
traits related to fruit size, sugar content, and disease resistance. This study highlights
how admixture mapping can be used in plants to identify genomic regions associated
with desirable traits. All these studies demonstrate the relevance of studying admixture
because it helps to uncover ancestry-specific genetic risk factors across different

populations.

On the other hand, a human-made introgression involves the deliberate introduction of
exogenous DNA into an organism's genome using biotechnological techniques for
genetic modification. Early techniques started with untargeted mutagenesis, using
chemical agents or radiation to induce random mutations that lacked precision (The
Production of Mutations by X-Rays - PMC, n.d.). Another group of untargeted
techniques use vectors, DNA molecules that carry and introduce genetic material into
cells. Agrobacterium tumefaciens can transfer DNA into plant genomes, and this skill is
used as a tool for genetic transformation in plants (Zambryski et al., 1983). Other
transformations can be done chemically with calcium phosphate or polyethene glycol to
facilitate DNA ingestion, an electrical transformation that uses electric pulses to create
membrane pores for DNA entry, and particle bombardment where DNA microparticles
are physically sent into cells using high-velocity propulsion (“Delivery of Substances into
Cells and Tissues Using a Particle Bombardment Process,” 1987; Gene Transfer into
Mouse Lyoma Cells by Electroporation in High Electric Fields - PubMed, n.d.; Ozyigit,
2020). Genetic engineering techniques continue improving, nowadays, we have tools
that allow for targeted editing. These targeted tools are Zinc-Finger Nucleases (ZFNs),
Transcription Activator-Like Effector Nucleases (TALENs), and the Clustered Regularly
Interspaced Short Palindromic Repeats (CRISPR)-Cas9. ZFNs are synthetic proteins
with a zinc finger that acts as a DNA-binding domain, these zinc fingers act together
with a nuclease to create double-strand breaks at a specific location. This is a targeted

approach that can break the DNA, and the natural cell's mechanisms will repair it; if
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there is a donor DNA with homology, it will be introduced to the genome (Gaj et al.,
2013). However, the design and assembly of ZFNs for each target sequence can be
complex and time-consuming (Gaj et al., 2013). TALENs use transcription activator-like
effectors, which recognize specific DNA sequences, and combined with a nuclease will
induce the break in the DNA (Gupta & Musunuru, 2014). TALENs are easier to design
than ZFNs, but they still need customized proteins for each target. The CRISPR-Cas9
system revolutionised the field of genome editing, given its simplicity and versatility.
CRISPR-Cas9 has a single-guide RNA (sgRNA) to direct the Cas9 nuclease to the
target where it breaks the DNA,; this allows precise targeted genetic modifications, and it
is cost-effective (Gaj et al., 2013; Gupta & Musunuru, 2014).

First-generation genetically modified organisms (GMOs) are developed using genetic
engineering methods that rely on inserting large exogenous DNA constructs into the
host genomes. These constructs typically contain promoters, terminators, coding
sequences, and regulatory elements. When a construct is successfully integrated into
the genome of an organism, the resulting integration site is referred to as a GMO event.
These events are randomly integrated using methods like Agrobacterium-mediated
transformation (Arulandhu et al., 2018; Scholtens et al., 2017). There are numerous
examples of GMOs that have been created to give traits to plants, such as herbicide
tolerance, insect resistance, and tolerance to abiotic stress. For example, soybean has
been genetically modified to express a gene encoding
5-enolpyruvylshikimate-3-phosphate  synthase, which  provides resistance to
glyphosate-based herbicides. The gene originates from an Agrobacterium sp. strain
CP4, which naturally resists glyphosate. For introducing the gene, A. tumefaciens was
used for plant transformation and transferred the gene to the plant genome (Arias et al.,
2021). For the case of insect resistance, an example is corn that was engineered to
express the Cry1Ab protein from Bacillus thuringiensis to protect against pests like the
European corn borer (Priestley & Brownbridge, 2009). Another example is canola,
which was engineered to have an altered fatty acid composition, enhancing its industrial
applications (Neff et al., 1994). In addition to these traits, plants have also been
modified to improve nutritional content. For example, “golden rice” was engineered to

produce provitamin A to address vitamin A deficiencies in regions where the human diet
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depends on rice as a principal food source (Ye et al.,, 2000). A similar modification

produced the "golden banana” (Paul et al., 2017).

In contrast to inserting large DNA constructs into the organism's “first-generation
GMOs”, the New Genomic Techniques (NGTs), specifically CRISPR-Cas9, allow
site-specific genome modifications. This CRISPR-Cas9 system uses a single-guide
RNA (sgRNA) to direct the Cas9 nuclease to a target DNA sequence, which induces a
double-strand break. The cell naturally repairs the non-homologous end joining or via
homology-directed repair when a donor template is provided. This allows for precise
nucleotide substitutions, gene knockouts, or small insertions/deletions (Gaj et al., 2013;
Gupta & Musunuru, 2014). The RNA-guided modularity of CRISPR-Cas9 allows a
simple reprogramming by altering the sgRNA sequence. CRISPR-Cas9 has a high level
of specificity and reduces off-target effects compared to earlier techniques. The
generation of site-specific genome modifications is called second-generation GMOs.
The type of genetic modification, whether a single nucleotide modification or the
insertion of a large transgenic construct, has different implications. Nucleotide-level
edits have lower risks of off-target effects (Hsu et al., n.d.; Sander & Joung, 2014).
These modifications do not involve the integration of large exogenous DNA fragments
that can disrupt regulatory elements or chromatin organisation (Hsu et al., n.d.; Sander
& Joung, 2014). In contrast, large insertions from first-generation GMOs, which include
multiple regulatory elements like promoters, terminators, and coding sequences in their
constructs, might interfere with endogenous gene expression. Also, the unpredictable
integration sites and potential off-target disruptions need more screening (Sander &
Joung, 2014). Agricultural applications include editing hexaploid bread wheat with
CRISPR/Cas9 at all three homoeo-alleles of the MLO gene, conferring broad-spectrum
resistance to the powdery mildew pathogen (Y. Wang et al.,, 2014). In rice,
CRISPR/Cas9 was used to edit the amino acid transporter gene OsAAPS3, which
enhances grain yield by promoting the outgrowth of buds (Lu et al., 2018). In tomatoes,
CRISPR/Cas9 was used to knock out the genes SIINVINH1 and SIVPES, increasing the
soluble sugar content (B. Wang et al., 2021). Furthermore, CRISPR/Cas9 was used to
edit specific carotenoid biosynthesis genes in tomatoes to enhance the lycopene

content and red colour of fruits (Tiwari et al., 2023). In bananas, CRISPR/Cas9 was
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used to inactivate the endogenous banana streak virus (eBSV) to prevent the activation
of infectious viral particles (Tripathi et al., 2019). The development of GM rice (Oryza
sativa) varieties highlights the adoption of CRISPR/Cas9, representing 12-33% of global
gene-editing research compared to other crops (Chen et al., 2024). For example, Wang
et al. knocked out the Pi21 gene to produce rice varieties with resistance to rice blast (F.
Wang et al.,, 2016). Zeng et al. edited OSSWEET14 to confer resistance against
bacterial blight caused by Xanthomonas oryzae (Zeng et al., 2020). Lu et al. knocked
out OsSPL10 to enhance rice's resistance to the brown planthopper, a major pest (Lu et
al., 2018). Zhang et al. edited OsRR22 to develop rice varieties with enhanced salt
tolerance (Zhang et al., 2019). Zhao et al. edited the GS9 gene to increase grain length
(Zhao et al., 2018). Zeng et al. edited the Wx promoter region, which influences the

texture and taste of cooked rice (Zeng et al., 2020).

Given these advancements in agriculture, the regulation of GMOs also has been
progressing worldwide, focusing on safety and transparency in the development of
GMOs and their uses. One of the first efforts was established in 1986 with “The
Coordinated Framework for the Regulation of Biotechnology”, which describes the roles
of the U.S. Food and Drug Administration (FDA), Environmental Protection Agency
(EPA), and U.S. Department of Agriculture (USDA) in the supervision of GMOs
(Program, 2024). In general, GMO regulations evaluate GMOs to estimate potential
risks to human health and the environment. It involves safety assessments, like
allergenicity and toxicity studies, and environmental impact evaluations. GMO regulation
covers detection that involves identifying and quantifying GMOs in products and the
environment. Nowadays, discrepancies exist in the global regulatory frameworks
governing NGTs. In the U.S., gene-edited crops that do not contain exogeneous DNA
are exempt from the rigorous regulatory process imposed on first-generation GMOs
(Salt, 2023). The European Union (EU) initially classified all gene-edited organisms as
GMOs, subjecting them to the same regulations (Schmidt et al., 2020). Directive
2001/18/EC is the primary legislation regulating the release of GMOs into the
environment in the EU. The purpose of this directive was to regulate GMOs developed
by using earlier genetic engineering techniques, first-generation GMOs. Advances in

NGTs resulted in genetic modifications that may be indistinguishable from those
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occurring naturally, second-generation GMOs. These advances generated concerns
about whether the existing legal framework is suitable for regulating second-generation
GMOs. (New Genomic Techniques, 2024). The revision process of Directive 2001/18 is
ongoing; it aims to refine the regulatory framework for gene-edited crops (New Genomic
Techniques, 2024). While genetic engineering continues advancing, the legal framework

continues adapting, and the outcomes of these revisions remain to be seen.

EU regulations include specific provisions for detecting and quantifying GMO material in
food and feed products (GMOs - European Commission, n.d.). Detection refers to
identifying the presence of any GMO material in a product (Holst-Jensen et al., 2016).
Quantification measures how much GMO content is present (Aubry et al., 2021).
Quantification is necessary to determine if the GMO content exceeds labelling
thresholds (GMOs - European Commission, n.d.). A positive GMO test in food/feed is
followed by the quantification of the GMO percentage to check compliance with labelling
rules. For food and feed products, there are authorised GMOs, those approved for use
in the EU; the threshold per ingredient is 0.9% of GMO presence (GMOs - European
Commission, n.d.). If an ingredient contains GMO material at 0.9% or above, the final
product must be labelled as “contains GMO”. EU regulatory compliance testing relies on
robust analytical methods to detect and quantify GMOs. In the case of the detection
and quantification of first-generation GMOs, there is a broad range of methods, but still,
quantitative polymerase chain reaction (qPCR) approaches remain the standard
technique given their sensitivity and specificity (Broeders et al., 2012; Marmiroli et al.,
2008). gPCRs allow the detection, identification, and quantification of genetic
modifications based on PCR amplification recorded in real time. As an example, a
semiautomated TagMan PCR screening was developed and tested based on 32 primer
and probe sequences derived from methods used in routine GMO feed sample
screenings (Scholtens et al., 2017). Multiplex PCR-based methods were developed to
facilitate the detection of several DNA targets in a single reaction. The challenges are to
ensure that all targets are amplified efficiently and specifically within a multiplex
reaction, given differential amplification efficiencies and the risk of primer-dimer
formation (Dragoni et al., 2021; Lehnert & M. Gijs, 2024; Scholtens et al., 2017).

Next-generation sequencing (NGS) appeared as a powerful tool for enabling the
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characterization of multiple genetic sequences (Arulandhu et al., 2018). Next-generation
sequencing (NGS) can help detect first-generation GMOs, determine insertion locations,
copy number variations, and possible off-target mutations. For example, Arulandhu et
al. use NGS-based screening to detect first-generation GMOs. Arulandhu’s method can
detect additional GM targets that are not detected with traditional gPCR by identifying
low-abundance genetic elements (Arulandhu et al., 2018). The high resolution of NGS
can be useful for the detection of genome edits that are challenging to identify using
traditional PCR-based methods (Grohmann et al., 2019). The sequences obtained by
NGS need to be mapped to reference databases (Arulandhu et al., 2018).GMO
detection is a challenge, given the incomplete public disclosure of GM sequences
(Aubry et al.,, 2021; Saltykova et al., 2022). If primers to detect a GMO were not
developed for routine screening, the GMO is called an unknown (i.e. unauthorised)
GMO. PCR methods share the limitation of requiring prior knowledge of the genetic
modification to design specific primers, which limits the identification of unknown GMOs.
The use of microfluidic technologies, which manipulate small volumes of fluids within
microscale channels and compartments to make their reactions, offers advancements
for applications requiring high throughput and rapid diagnostics (Dragoni et al., 2021;
Lehnert & M. Gijs, 2024). Microfluidics reduces multiple reaction times, lowers reagent
volumes, and increases throughput by simultaneous processing of multiple samples.
Microfluidics have shown high sensitivity and faster processing, potentially being more
suitable for GMO detection compared to traditional gPCR methods (Dragoni et al.,
2021).

In the case of detection for the second generation of GMOs, PCR-based techniques are
also the main method used (Chhalliyil et al., 2020). In canola, a single-nucleotide
modification has been quantified using a qPCR for the first commercially available
genome-edited plant (Chhalliyil et al., 2020). The Joint Research Centre (JRC), which is
the European Union Reference Laboratory for Genetically Modified Food and Feed,
applies these qPCR methods and has been involved in their development (Chhalliyil et
al., 2020). However, PCR continues to have the limitation of prior knowledge of gene
editing to design specific primers (Broeders et al., 2012). Also, the use of qPCR is

problematic for precisely detecting edits introduced by NGT because the second
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generation of GMOs involves single nucleotide modifications that are difficult to detect
by standard gPCR assays (Aubry et al., 2021). Whole-genome sequencing (WGS) can
help to detect modifications without prior knowledge of the modified sequence. This can
be a solution for genome editing where no information on the sequence is available
(Grohmann et al., 2019). The process is mapping sequencing reads from the sample to
a reference genome sequence and identifying the differences in the sample, revealing
potential genome edits. However, if the modification originates from a closely related
species, it would be difficult to distinguish between the product of genome editing and
natural sequence variants. In this scenario, the sequence similarity may suggest that
the changes are the result of natural genetic variation rather than genome editing. Given
this complexity, there is a strong demand to improve detection procedures, and
bioinformatics analysis and development of powerful statistical algorithms addressing

this challenge.

The genetic exchange of individuals from the same species results in the natural
introduction of exogenous DNA from one individual into another, and this process is
called admixture. In diploid organisms, where each individual inherits two sets of
chromosomes, admixture produces a genome that is a mosaic of segments derived
from two or more diverged populations. (Korunes & Goldberg, 2021). These genomics
segments originate from recombination events during meiosis, where homologous
chromosome pairs exchange DNA segments through a crossing-over mechanism
(Kleckner, 2006). The crossing-over happens in specific sites called chiasmata, the
point of physical contact between two chromatids belonging to the homologous
chromosomes. There, physical breakage and rejoining lead to the reshuffling of alleles
(Kleckner, 2006; Wegmann et al.., 2011). As a result, “switch points” are created where
the ancestral origin shifts from one population to another (Wegmann et al., 2011). In
general terms, to characterize admixture, we need to 1) determine whether an individual
is admixed, 2) map the genomic segments inherited from each ancestral population by
identifying recombination switch points, and 3) assign these segments to their
respective populations using reference panels (Salter-Townshend & Myers, 2019).
Reference panels are curated genotype data from individuals with well-characterised

ancestry (Salter-Townshend & Myers, 2019). When determining the ancestral origins of
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genomic regions in admixed individuals, the reference panels help to identify switch
sites and determine ancestry proportions by comparing the genetic markers in an
admixed genome to those in the reference panel (Mosca & Cho, 2023;
Salter-Townshend & Myers, 2019). For example, Bryc et al.. used reference panels from
West African and European individuals to estimate the ancestry proportions in
African-American populations (Bryc et al., 2010). Their analysis showed a mosaic
genome structure, where segments could be confidently assigned to West African or

European origins (Bryc et al., 2010).

The assignment of ancestry for the admixed individuals requires probabilistic methods
because different ancestral populations often shared genetic markers, given their
common evolutionary history (Shriner, 2013). Methods for ancestry inference are
broadly categorized into allele-frequency-based and haplotype-based models
(Padhukasahasram, 2014). Allele-frequency-based methods focus on how common
alleles are in the reference populations. This approach was implemented in the LAMP
(Local Ancestry in adMixed Populations) model, which determines the most likely
ancestry at each locus using a majority voting system (Sankararaman et al., 2008).
LAMP requires no reference panel, which is an advantage in cases where ancestral
populations of interest cannot be adequately sampled or when representative genetic
data is unavailable. LAMP is highly accurate in differentiating between well-separated
populations (for example, Africans and Europeans) compared to methods that rely on
haplotype information. However, it does not perform well when the ancestral populations
are very similar (Yuan et al.,, 2017). STRUCTURE and ADMIXTURE are known
allele-frequency-based tools. Each one of them approaches the problem with different
algorithms. STRUCTURE employs a Bayesian framework to assign individuals to
predefined populations and infer population structure without prior knowledge of
population  boundaries  (Pritchard et al., 2000). ADMIXTURE is a
maximume-likelihood-based method optimized for speed and scalability, making it useful

for genome-wide datasets with thousands of samples (Alexander et al., 2009).

On the other hand, haplotype-based methods use Hidden Markov Models (HMMs) to
leverage haplotype structure for ancestry at a finer scale compared to methods that only
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rely on allele frequencies (Price et al., 2009; Shriner, 2013). This finer resolution comes
when haplotype-based methods consider the contiguous segments of DNA inherited
together from ancestors, allowing them to detect smaller, more localised ancestry
contributions than allele-frequency-based methods (Guan, 2014). This approach was
implemented in HAPMIX (HAPlotype MIXture) (Price et al., 2009), which uses phased
reference panels to model the ancestry process of assignment; this allowed the
detection of small genomic segments that have distinct ancestral origins. HAPMIX relies
on phased reference data to estimate the likelihood that a given haplotype segment
originates from one population or another and also relies on detailed recombination
maps, which limits its applicability, especially for populations with insufficiently
characterized or unavailable reference panels data. (Price et al., 2009). Methods such
as RASPberry have been developed to eliminate the dependency on a priori
established recombination maps. RASPberry analyzes patterns of genetic variation and
ancestry transitions in admixed individuals to infer recombination rates directly from
genotype data (Wegmann et al., 2011). Regardless of the progress in ancestry
inference made by the implementation of HMM models, challenges persist by not being
able to directly model sequencing data and estimate reference panels from the data.
Both producing high-quality sequencing data -with sufficient coverage and low error
rates- and establishing reference panels are costly and often unattainable for

non-human species or ancient DNA applications (Shriner, 2013).

Admixture analysis relies on the availability of high-quality sequencing data and
accurate reference panels representing the ancestral populations of interest. In many
genomic studies, data quality can be affected by factors such as low sequencing
coverage, genotyping errors, or missing data due to the limitations of genotyping
platforms (Browning & Browning, 2016). These problems lead to incomplete genotype
datasets. The genotype imputation field focuses on predicting missing genotypes. It
uses the linkage disequilibrium structure in a population, defined as the non-random
association of alleles at different loci (Browning & Browning, 2016; Howie et al., 2012).
Genotype imputation uses well-characterized reference panels as well as the admixture
analysis previously described. Imputation methods rely on probabilistic frameworks to

infer missing genotype data from observed patterns (Howie et al., 2012). For example,
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IMPUTE2 is a tool based on an HMM framework that treats the unobserved true
haplotypes as hidden states (Howie et al., 2012). This HMM generates the observed
genotype data from these hidden states, representing the underlying haplotype
structure from the well-characterized reference panel. This approach allows IMPUTE2
to accurately predict missing genotypes by "copying" segments from the reference
haplotypes, thereby maintaining the linkage disequilibrium patterns present in the data
(Howie et al., 2012). The advantage of this approach is its high imputation accuracy
when a reference panel is available. However, dependence on external reference
panels can also be a limitation for populations that lack well-curated reference panels.
Another tool is BEAGLE, which uses localised haplotype clustering rather than a global
HMM framework (Browning & Browning, 2016). BEAGLE identifies clusters of similar
haplotypes in small genomic regions by capturing the local linkage disequilibrium
structure. It uses these clusters to predict missing genotypes based on the observed
alleles within them. This localised approach makes BEAGLE more computationally
efficient than IMPUTE2 and is not dependent on reference panels but only on its
available data. However, the limitation is that BEAGLE may offer lower accuracy
compared to IMPUTEZ2 in scenarios when fine-scale haplotype structure is critical, for
example, when subtle differences in the arrangement of alleles along a chromosome
are important for accurately predicting missing genotypes. Both IMPUTE2 and BEAGLE
perform best when genotype data have high call rates, low error rates, and sufficient
marker density to capture linkage disequilibrium patterns across the genome. STITCH is
an alternative tool for cases where high-quality data and reference panels are limited
(Davies et al., 2016). STITCH (Sequencing To Imputation Through Constructing
Haplotypes) addresses the challenges derived from low-coverage sequencing data by
directly modelling the genotypes while accounting for the for the uncertainty inherent in
sequencing reads. STITCH uses raw sequencing data to estimate the probability of
various genotypes, equivalent to genotype likelihood information. Genotype likelihoods
quantify the probability of obtaining the observed sequencing data given a particular
genotype and are used to measure confidence in the genotype call; here, uncertainty is
kept rather than forcing a definitive call. By using an expectation-maximization (EM)

algorithm, STITCH iteratively estimates the haplotype structure and the missing

19


https://www.zotero.org/google-docs/?1wy6Jq
https://www.zotero.org/google-docs/?7gLWPw
https://www.zotero.org/google-docs/?odH5Tq
https://www.zotero.org/google-docs/?H6gBbk

genotypes from low-coverage data without requiring external reference panels. As a
result, STITCH can generate imputed genotypes with quality scores that reflect the
confidence of the inference, all without the need for external reference panels. It is
important to note that STITCH does effective genotype imputation under low
sequencing coverage, but STITCH does not perform detailed ancestry inference.
STITCH lacks features critical for ancestry inference, such as explicitty modelling
ancestry transitions, recombination events, or miscopying errors, which are essential for

understanding the mosaic structure of admixed genomes.

THE RATIONALE OF THE THESIS

Regardless of the significant advancements in detecting exogenous DNA, certain gaps
persist. 1) Current detection methods like PCR and gPCR are well-established for
identifying first-generation GMOs. However, these techniques have scalability issues,
particularly for high throughput. Traditional PCR-based assays are often limited in their
multiplexing capabilities. Currently, the maximum number of samples that can be tested
at once is limited. 2) Ancestry inference methods are important for understanding
genetic diversity in populations. However, these methods often require high-quality
sequencing data and well-characterized reference panels, which are not always
available, especially for underrepresented populations. 3) Traditional PCR techniques
can detect large transgenic insertions but are not optimal for detecting minimal gene
edits of the second generation of GMOs because these subtle modifications can be

indistinguishable from natural genetic variations.

The primary objective of this thesis is to develop and test new methodologies for the
detection and characterization of exogenous DNA, focusing on natural and
human-made exogenous DNA. This thesis contains three main chapters that address

the primary objective in the following way:

Chapter 1: Detection of Genetically Modified Organisms Using Highly Multiplexed

Amplicon Sequencing
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In this chapter, we developed a highly multiplexed amplicon sequencing assay that also
uses NGS.We collected a set of GMO reference sequences to design amplicon targets
for the genetic modifications. The assay is evaluated in terms of specificity and

sensitivity across various samples.

Chapter 2: LOCO: Low-Depth Copy Algorithm to Infer the Ancestry of an Admixed

Individual Without Reference Panels

In this chapter, we developed a novel probabilistic model to infer ancestry without
relying on reference panels and using genotype likelihood derived from low-quality
sequencing data. We established the mathematical formulation of the model, its
implementation in C++, and validation by defining a set of parameters that we use to
produce simulated data. With this data, we recover the ancestry of the simulation.
Furthermore, we simulate introgression events and apply the LOCO model to detect

these events, evaluating the model’s detection limits.

Chapter 3: Machine Learning for Detection of Next-Generation Genetically

Modified Organisms Through Ancestry Inference

In the final chapter, we applied our model for ancestry inference from Chapter 2 to
identify introgressions associated with second-generation GMOs. We simulate genome
edits in a rice population to create a set of second-generation GMOs and evaluate the
detection power of our LOCO model. Our simulations replicate the scenario where

introgression occurs between two closely related populations within the same species.
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ABSTRACT: The circulation of products based on genetically modified (GM) organisms is highly
regulated by some governments with strict implementation rules for the breeding, planting,
marketing, labelling, and trading of such products. To ensure compliance, accurate detection
methods for GM events are necessary, along with assurance that GM material falls within
relevant threshold levels. The increasing complexity and potential of undocumented GM are a
growing challenge for genetic screening. Here, we developed and assessed a highly
multiplexed amplicon sequencing assay for the detection of GM events based on a microfluidics
platform and next-generation sequencing (NGS). To probe GM events comprehensively, we
designed a total of 230 new amplicons to cover flanking, promoter, junction, and coding
sequences of GM sequences. In addition, we designed and implemented parallel amplification
of ribosomal and chloroplast markers to define crop species identity from potentially mixed
samples. Using reference GM material of 11 crop species and multiple amplicons, we
successfully detected the presence of 10 known modifications per GM event. We also find that
reported flanking sequences of GM events may not be all useful for diagnostic. We assessed
the assay's potential to detect GM events in mixed samples as well as in highly diluted DNA.
Finally, we performed a prospective search of potentially undocumented GM events in plant
material. Our microfluidics-based amplicon GM detection approach fills important gaps in
detecting potentially undocumented and complex GM events by recovering a wide range of
specific amplicon sequences for evaluation. Integrating highly parallel amplicon assays in GM
screening efforts should be an effective complement to aid post-market monitoring and
regulatory compliance efforts.

INTRODUCTION

Genetically modified (GM) crops contain genes that have been artificially introduced
conferring beneficial traits such as herbicide tolerance, and drought or pest resistance
(Alasaad, Alzubi, and Kader 2016). The production of GM organisms has been rising
and becoming more widely available commercially. Commercial applications of GM in
crops have led to hundreds of variants of genetic modifications in dozens of crop
species but mostly in the main cash crops (maize, soybean, canola and cotton). Since
the '90s, the European Union (EU) implemented risk-based legislation governing the
planting, marketing, labelling and trade of GMOs in Europe (Serageldin 1999). To
enforce legislation, it is essential to develop accurate methods for the detection of GM
and monitoring of threshold levels.

Any material deriving from GM crops might be identified by testing for the presence of

introduced DNA. GM events or constructs that are often found in commercialized GM
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crops usually consist of several elements (promoters, terminators, genes, antibiotic
resistance cassettes) that help to screen for their presence. There is a broad range of
methods for GM DNA detection, and quantitative polymerase chain reaction (QPCR)
approaches remain the most common (Aubry et al. 2021). gPCRs allow the detection,
identification, and quantification of genetic modifications, based on PCR amplification
recorded in real-time. As an example, a semiautomated TagMan PCR screening of
GMO-labelled samples was recently developed (Scholtens et al. 2017). Scholtens et al.
semiautomated screening based on 32 primer and probe sequences derived from
methods used in routine GMO feed sample screenings. Scholtens et al. verified the 32
primers in 59 different GMO reference materials. When a GMO element cannot be
explained by any sample labelling, this is indicative of an unknown (i.e. unauthorised)
GMO.

To facilitate the detection of several DNA targets in a single reaction, multiplex
PCR-based methods were developed. gPCR-based multiplexing is constrained through
costs and technical challenges to retain high reproducibility across laboratories. Official
control laboratories are required certification to ensure high reproducibility standards. In
addition, strategies have been developed to increase assay throughput without

compromising sensitivity or specificity.

The introduction of microfluidic chips in multiplex PCR amplification offered significant
gains in efficiency. Studies e.g. by Kuan-Lun et al. (2023), Nouwairi et al. (2022), Dong
et al. (2021), Yang et al. (2021), and Lehnert & Gijs (2024) showed that reaction times
can be reduced with lower reagent volume requirements and robust target multiplexing.
Nouwairi et al. achieved reduced PCR cycle time with a custom microfluidic chips
(Nouwairi et al. 2022). Yang et al. showcased a novel circular array-shaped microfluidic
chip that allows high-throughput detection of bacterial pathogens, significantly
decreasing the time and spatial requirements typical of conventional PCR setups (Yang
et al. 2023). Lehnert & Gijs (2024) showed that microfluidic systems can be useful for
rapid diagnostics in clinical settings (Lehnert and Gijs 2024). Microfludics offers the
most powerful options in combination with next-generation sequencing (NGS) of

amplicons. NGS has been used extensively for GM detection and allows to
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simultaneously obtain multiple sequences and may facilitate the unambiguous detection
of GMOs (Arulandhu et al. 2018). Arulandhu et al. tested five feed samples known to
contain GMOs and screened 96 GMO-specific targets including endogenous, elements,
constructs, and different events. Based on a related approach, Scholtens et al. targeted
sequences from certified reference materials. Targeted sequencing was mainly applied
to samples with multiple GM sequences of interest (Jagadeesan et al. 2019). DNA
libraries were obtained from PCR-based amplification including several amplicons that
can be sequenced using NGS technology. Standardized bioinformatics pipelines were
applied to raw reads for filtering and assembly into contigs, which can be mapped to a
reference sequence database (Willems et al. 2016). Establishing reference databases
remains challenging as public disclosure of modified sequences can be incomplete

(Moreira, Carneiro, and Pereira 2017a).

GMO detection traditionally was anchored in the simultaneous amplification of
endogenous reference genes. Such genes typically amplify only in specific crop
varieties where the GMO was initially developed, limiting how well an assay can be
ported across diverse genetic backgrounds (Huang et al. 2013). Moreover, endogenous
genes may vary significantly across different species, which reduces their utility for
studies involving multiple species or agnostic assays. For example, in sugarcane, the
selection of suitable endogenous reference genes is challenging due to the crop's
complex polyploid and aneuploid genome structure. Such variability in traditional
reference genes underscores the need for novel approaches. With the rapid increase in
GMO testing needs, there is also a demand for standardization of GMO detection
approaches to maintain versatility across the vast number of materials to be tested
(Dong et al. 2008).

To address these challenges, we propose adopting a novel approach based on
standarding DNA-barcoding loci typically used for phylogenetic reconstruction.
Furthermore, we avoided host-exogenous DNA boundaries in primer design to allow for
cross-amplification of the same GM sequence in different backgrounds. This design

strategy ensures that our assay can universally detect GM events without being limited
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by the host plant's genetic background, making it broadly applicable to various GM
crops. To achieve these aims, we developed a highly multiplexed amplicon sequencing
assay for the detection of GM events in crops. The is assays was conceived by
integrating a large set of available GM sequences from public databases to design new,
robust amplicons to amplify sequences linked to GM events in segments. Barcoding
primers were designed to detect the species identity present in the material. Unlike
traditional approaches that rely on endogenous reference genes as controls in GM crop
detection, this study employs barcoded genes to identify the origin of tested samples.
This innovative approach allows for the broad applicability of GMO detection across
various plant species, overcoming the limitations of species-specific PCR which restricts
analysis to detecting presence or absence of specific species. Amplifications were
conducted in parallel using a microfluidics-based multiplex PCR and amplicons were
sequenced as a pool using lllumina NGS. Filtered reads of positive and negative control
samples were mapped to a compiled GM amplicon database. The performance of the
assay, in particular specificity and sensitivity, in diluted and mixed samples were

evaluated.

MATERIALS AND METHODS

Collection of samples

Genotyping was performed on 92 plant samples consisting primarily of GM-certified
reference materials (Table S1). Samples covered eleven of the most widely cultivated
plant species worldwide, such as maize (Zea mays), soybean (Glycine max), canola
(Brassica napus), cotton (Gossypium spp.), alfalfa (Medicago sativa), potato (Solanum
tuberosum), beetroot (Beta vulgaris), creeping bentgrass (Agrostis stolonifera), linseed
(Linum usitatissimum), wheat (Tritcum aestivum) and rice (Oryza sativa). The samples
also included non-GMO crops used as negative controls. To assess the sensitivity of the
assay, different concentrations of the same GM crops were used, typically ranging from
0.98 % to 100 % (ratio of the GM plant species in the total sample, expressed in
mass/mass or copies/copies of haploid plant genomes). All our tested samples

originated from certified reference materials (CRMs) provided under 1SO17034
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standards had been pre-validated for the presence of GM events and endogenous
genes through gPCR testing. In addition to this certification, our laboratory also
conducted extensive testing of these CRMs using official gPCR methods to confirm the
presence of specified genes and ensure compliance with the reported standards.

Detailed information about each sample and GMO events are provided in Table S1.

DNA extraction

DNA extractions were carried out by processing 200 mg of plant material with the
NucleoSpin Plant Il kit (Macherey-Nagel, GmbH, Germany) following the manufacturer's
protocol. DNA concentrations of all samples were assessed using a NanoDrop One
spectrophotometer and a Qubit (Thermo Scientific). Initial DNA concentration are
reported in Table S1. We chose to standardise the DNA concentration of all our samples
by diluting them in water to 50 ng pl-1. To explore the effects of low DNA input, we
diluted one of the GMO maize samples in a dilution series starting from 50 ng pl-1
down to 5 ng pl-1 (10-fold), 0.5 ng ul-1 (100-fold) and 0.05 ng pl-1 (1000-fold). For
downstream applications, we performed two additional replicates for 41 samples,

including replicates of the dilution series (Table S1).

Recovery of target sequences and barcoding plant species

We retrieved target sequences for amplicon design from the EUginius (EUropean GMO
INItiative for a Unified Database System) and the portugene (Moreira, Carneiro, and
Pereira 2017b) GM sequence databases. Additionally, we added sequences encoding
the dihydroflavonol 4-reductase gene from an unauthorized GM Petunia sequence
(Fraiture et al. 2019). To avoid redundancy between the target sequences, we clustered
nearly identical sequences and produced multiple alignments using Clustal
Omega-v1.2.3 (Sievers and Higgins 2014). Aligned sequences were used to produce a
consensus, retaining ambiguous bases and yielding a total of 115 unique sequences
targeting specific GM events (Supplementary File S2). We also included primers for
barcoding (i.e. species identification) purposes. For this, we added sets of primers for

two widely used plant DNA barcoding loci (Kress 2017): the chloroplast-encoded
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ribulose bisphosphate carboxylase large chain gene (rbcL) and the nuclear ribosomal

internal transcribed spacer (ITS).

Amplicon design

For the 115 unique target sequences, we segmented sequences exceeding 300 bp into
multiple regions for individual amplicon design to improve amplification yields and
coverage of the GM events. After the segmentation, we obtained 230 candidate loci for
primer design according to Fluidigm Inc. recommendations. The targeted amplicon
length ranged from 62-240 bp reflecting constraints in conserved sequences and base
composition. We obtained a total of 230 pairs of primers corresponding to the GM target
sequences (Supplementary File S1). In the case of the barcodes that amplify rbcL and
the ITS, we compiled a set of 27 primers representing various amplicon designs

covering the same loci corresponding to rbcL and ITS (Supplementary File S3).

DNA sequencing library preparation

Libraries were prepared following the manufacturer's protocol PN 101-0414 G1 for the
Juno LP 192.24 integrated fluidic circuits plate (IFC; Fluidigm Corporation, San
Francisco, CA, United States). After loading all reagents on the IFC, target amplicons
were generated for each sample through PCR amplification on a specialized
thermocycler (Juno system; Fluidigm). A total of 257 primers were subdivided into 10X
assay pools, with each pool containing primers for various targets, ensuring universal
applicability of the assay independent of the samples analyzed. This pooling strategy,
which was identical for every sample, was partially determined by Fluidigm Inc. as an
optimal strategy given the specific oligos. Custom designed primers were added
randomly to the pools. The IFC with an inlet containing 2 pl of sample pre-mix, 2 ul
genomic DNA (50ng/ul) and 1 pl barcode primer mix consisting of a DNA sample and
an individual barcode. High amplification efficiency of all 230 primer sets in the fluidic
chip-based multiplex PCR was confirmed by the average sequencing depth of ~5000x,
ensuring reliable and consistent target amplification across all samples. After
amplification, samples were pooled in a single tube and purified. The first clean-up is
double-sided (0.4X/0.9X Double-Sided SPRI), with first (0.4X) removing fragments that
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are bigger than the targets, then (0.9X) binding and selecting targets by washing off the
smaller fragments. The second and third clean-ups were to remove excess primers
(0.8X SPRI). Finally, sequencing adapters were added by PCR to the purified library
followed by a final round of purification according to the manufacturer's protocol. The
quantity and quality of the library were assessed using a Qubit fluorometer assay
(ThermoFisher) and a 4200 TapeStation electrophoresis instrument (Agilent). The final
library was sequenced on a single lane of a NextSeq 500 system (lllumina) in

mid-output mode adding ~30% PhiX to reduce issues due to low sequence complexity.

Recovering of plant barcode sequences and GM targeted sequences by mapping
We obtained the rbcL sequence of maize from NCBI (NC_001666.2) and the ITS
sequence from potato (CP046695.1). Matching rbcL and ITS sequences were then
retrieved using BLAST (Altschul et al. 1990) to complete a library of barcoding
sequences for all eleven included plant species. The crop barcode sequences were
added to the GM reference sequences. We demultiplexed raw read data using bcl2fastq
v-2.19.0.316 and used trimmomatic v-0.36 (Bolger, Lohse, and Usadel 2014) for quality
trimming. The trimming parameters used were as follows: adapter clipping with
ILLUMINACLIP:TruSeq3-PE.fa:2:30:10, removal of leading low-quality bases with
LEADING:15, removal of trailing low-quality bases with TRAILING:15, a sliding window
trimming approach to cut when the average quality within a window of 5 bases falls
below 15 (SLIDINGWINDOW:5:15), and dropping reads shorter than 50 bases
(MINLEN:50). Forward and reverse reads were merged using flash v-1.2.11 (Mago¢ and
Salzberg 2011). We aligned merged reads to the reference sequences using bowtie2
v-2.3.5 using the following settings: --very-sensitive-local --phred33 (Langmead et al.
2019). Based on the aligned reads, we calculated the depth per position ignoring
locations outside of designed amplicons. We accessed all nucleotide sequences for
rbcL and ITS available on NCBI for each of the eleven plant species generating eleven
fasta files for rbcL and eleven fasta files for ITS. The fasta files were used as a
reference to align the merged reads by bowtie2 v-2.3.5 using the following settings:
--very-sensitive-local --phred33 (Langmead et al. 2019). From the aligned reads, we

calculated the depth per position using samtools v-1.19. and we compared the depth to
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the previous depth of the rbcL sequence from maize (NC_001666.2) and the ITS
sequence from potato (CP046695.1) with the retrieved BLAST sequences of the eleven
crops. NC _001666.2 and CP046695.1 reference sequences were compared based on
mapped reads per sample. We document our analyses pipeline in Supplementary File

S4. All statistical analyses were performed with the R statistical software version 4.3.3.

RESULTS

Sequence-guided design of the amplicon sequencing assay

In order to test the feasibility and assess the performances of the amplicon-sequencing
assay to detect GM material in food, feed or seed matrices, we gathered a total of 115
consensus GM sequences from various sources: EUginius (EUropean GMO INltiative
for a Unified Database System), and portugene (Moreira, Carneiro, and Pereira 2017b)
databases (Figure 1A). In addition, we manually added three sequences from a gene
encoding the dihydroflavonol 4-reductase from an unauthorized GM Petunia recently
detected in the (Fraiture et al. 2019). For the design of amplicons, we retrieved the GM
consensus sequences if multiple redundant sequences were found in databases. The
lengths of these sequences ranged from 79 bp to 24,595 bp, with an average length of
1856 bp. Out of these, 99 sequences were longer than 300 bp. For sequences longer
than 300 bp, multiple amplicons were designed to cover the entire target region.
Specifically, the sequences longer than 300 bp were fragmented into smaller segments
to ensure efficient amplification and coverage of the GM events, hence we designed
multiple similarly spaced amplicons to cover the entire event (Figure 1C). Based on this
GM sequence set, 230 primer pairs for GM sequences that correspond to 82 unique GM
sequences were designed (Figure 1C) and 15 rbcL + 12 ITS primers were added for
plant species identification (Figure 1B). Following the manufacturer's instructions, we
aimed for an amplicon length of ~200bp and we obtained a maximum length of 240 bp
for 14 GM locus and the smallest amplicons with a length in the range of 69-199 bp for

21 GM loci (Figure 2A). All 230 primer sets demonstrated high amplification efficiency in
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fluidic chip-based multiplex PCR, with an average sequencing depth of ~5000x

consistent with robust amplification performance.

The amplicon sequencing was performed using a microfluidics platform (Figure 1C). In
a single flowcell run, we analysed a total of 186 samples including replicates,
representing 92 distinct samples of GMO and non-GMO control material. The species
covered were alfalfa (n=10), beetroot (n=6), canola (n=23), cotton (n=26), creeping
beetroot (n=3), linseed (n=3), maize (n=66), potato (n=6), rice (n=3), soybean (n=37)
and wheat (n=3) (Figure 2B).

lllumina NextSeq 550 sequencing generated a total of 80,478,507 reads after trimming
and merging read pairs per sample and locus. Furthermore, for every sample, the reads
were aligned to the 115 target sequences and plant barcoding sequences rbcL and ITS
sequences of the 11 species. One sample of maize obtained a maximum of 3,122,899
aligned reads (Figure 2C). The minimum number was 229 aligned reads which
corresponds to a sample of soybean (Figure 2C). The other three minima of aligned
reads ranged from 663 to 1,418 and correspond to 3 replicates of DNA dilution (1000x)
of a maize sample (Figure 2B).

Identification of plant species by amplification of plant barcoding loci

An important step for the identification of GMO crops is to determine species identities.
We incorporated in our targeting sequencing assay two sets of primers (Kress 2017)
previously recognized as plant DNA barcodes that amplify the rbcL and ITS loci. Given
that our 15 rbcL + 12 ITS primers are amplifying in different regions of rbcL and ITS
(Figure 3A), we decided to work with the maximum number of mapped reads per
barcode, which were correlated to the mean (r = 0.897***, Pearson correlation
coefficient), median (r = 0.848***) and mode (r = 0.848***). To evaluate the success of
rbcL and ITS amplification, we extracted the maximum number of mapped reads for the
186 samples. The rbcL maximum count was significantly positively correlated to ITS
maximum counts for alfalfa, canola, cotton, potato and soybean in the range of 0.983***

(p-value <0.001) to 0.748*** (Figure 3B). In the cases of beetroot, creeping beetroot,
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rice and wheat, the correlation was not significant (p-values > 0.05), given that we have
a low number of samples (n = 3-6; Figure 3B). Maize samples showed also a positive
correlation with 0.503*** (Figure 3B). We also compared the maximum read count at
barcodes against the total aligned counts to ensure that the general quality of the
samples has been captured by the plant barcodes. For ITS, 10 plant species showed a
significant and positive correlation from 0.88*** to 1***, with the only exception of
beetroot lacking a strong correlation (0.25*). RbcL varies more between species with a
range of -0.96 p=0.19 to 0.97***.

Every sample was mapped to the 11 crop species sequences of rbcL and ITS. We
assigned species identities according to the highest read depth among rbcL and ITS
reference sequences. As the species was known for all samples, we assessed the
power of the assay to recover the true species. Only using, the ITS primers we achieved
91 out of 186 correct predictions of the species identity corresponding to an accuracy of
48.9%. For the rbcL primers, we achieved 182 out of 186 correct predictions of the
species identity corresponding to an accuracy of 97.8%. Hence, rbcL primers predicted
more accurately the species and we used this barcoding locus for most species (Figure
3C). The species that performed best was maize showing the highest correctly mapped
reads ratio for 13 samples (79-172), meaning that the primers used to amplify rbcL and
the rbcL sequence used to align are providing the best correct mapping. The worst

correctly mapped reads ratios correspond to the three rice samples: 0.912- 0.686.

Detection of GM events based on amplicon sequencing

The GM positive controls utilized in this study were sourced from CRM that have
already been rigorously tested for endogenous reference gene amplification by the
national certifying bodies. This pre-validation ensures the presence and accuracy of GM
events and eliminating the need for repetitive endogenous gene testing in our
experimental framework. Notably, each CRM used in this study has been verified for the
accuracy of GM content by our laboratory using official gqPCR methods. We analyzed 98
individual samples including 11 non-GMO controls. The samples were known to carry at

least 10 sequence fragments from a specific GM event with 9 samples originating from
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maize and one from cotton (Supplementary Table S2). We analyzed the 10 GMO
samples and compared these against the non-GMO controls. To account for variation in
total reads among samples and the uneven presence of GM sequences, we normalized
read counts using normalized mean depth by the maximum read depth at the barcoding
locus. In the case of maize, we used rbcL because the read depth was higher in
comparison to ITS (Figure 3C). For cotton, we used ITS because the read depth was
higher for ITS (Figure 3C). From the 10 analyzed GM events, six events (MON89034,
BT11, DAS59122, MIR162, MON88017 and MON87427) amplified well in the GMO
sample and showed no meaningful amplification in the non-GMO control (Figure 4A-F).
The high amplification efficiency of all 230 primer sets in the fluidic chip-based multiplex
PCR was evidenced by the consistent and robust detection of GM sequences by the
average sequencing depth of ~5000x. For example, MON 89034 amplified well for
3’MONB89034 (normalized count 0.094), 5’MON89034 (normalized count 0.004),
hsp70-locus56 (normalized count 0.747), hsp70-locus307 (normalized count 0.285),
LTa.lhcbl (normalized count 0.002), tahsp17 (normalized count 0.331) and CTP2
(normalized count 0.405). For the three other GM events (MON810, SYN3272 and
MONB87460), the GMO maize also amplified more GM sequences compared to the
non-GMO control (Figures 4G-l). For example, the sample MON810 where the
non-GMO control is amplified in 5 MON810-locus 59 (normalized count 0.383) vs the
GM sample (normalized count: 0.526) (Figure 4G). The last sample corresponds to
MON15985 where the sequence labelled “Cotton_ MON15985” amplified more in the
GMO cotton (0.148) compared to non-GMO cotton (0.046 normalized counts; Figure
4J). The most discriminant amplicon for detecting the MON15985 event was the Oriv

amplicon.

Specificity and sensitivity of GMO detection

For monitoring purposes, mixed GMO samples need to be screened. To assess the
power of our targeted sequencing assay, we tested three GMO samples diluted in
control DNA at various ratios. For the GMO SYN3272 at the locus amy797E, the GMO
(constituting 9.8%) amplified in the range of 0.01- 0.002 normalized read counts

contrasted with no recovered reads for the GMO mixed in at 0.98% (Figure 5B). The
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sample DAS59122 amplified in both the 1% mixture in the range of 1.15 e-10 — 0.0021
and the 10% mixture in the range of 0.00018 — 0.00796 (Figure 5C). Unexpectedly,
MONB810 showed more amplification for GMO 1% compared to GMO 10% (Figure 5A).
For example, 5 MON810 locus 336 amplified for GMO 10% 1.2830 compared to 1.553
normalized read counts amplified for GMO 1%. The non-GMO control sample showed
however 0.7572 normalized read counts. Next, we assessed the sensitivity of the
amplicon assay to detect DNA diluted 10x, 100x, and 1000x. We tested the sample
MONB88017, however, the normalized counts mismatched the expected trend from the
dilutions. The most likely explanation for this variability is the overall low number of
reads likely inducing noise in read counts (Figure 5D). Using the mean depth of mapped
reads (before normalization), we recovered the expected change in read depth along

the dilution series (Figure 5E).

Additional amplicons for exploratory detection of GM events

We recovered 73 target sequences from EUginius, portugene and Fraiture et al. (2019)
and amplified these in using the custom amplicon sequencing assay. We assessed
amplification of the 10 GM sequences described above (Figure 6). MON15985 cotton is
amplifying the sequence Cotton_MON15985 as expected, and in addition OriV (Figure
4J). Non-GMO controls showed amplification of multiple 3' and 5' GM flanking
sequences as expected from the above findings. Three additional sequences including
“‘FB707511.1 cry1A.105”, “DL476427.1 CORN EVENT” and “aadA” showed
amplification in the MON15985 GMO. Regarding the GMO maize samples, MON 89034
amplified the sequences 3'MON89034, hsp70, tahsp and CTP2 (Figure 4A). Beyond
amplified flanking sequences, three sequences amplified in the GMO including
“FB707511.1 cry1A.105” and “DL476427 1 CORN EVENT”, and
“dihydroflavonol4-reductase_ MF521566.1", which the MON15985 GMO was not known

to contain.

DISCUSSION
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Quantative PCR has been for long the widely accepted standard for GMO detection in
all matrices that could be circulating as food, feed, seeds and in the environment. gPCR
is highly sensitivity but labour-intensive. Improving methods for detecting GMOs is
therefore important. Here, we assessed the feasibility of a microfluidics-based approach
for the detection of GM events. We desigend a set of 230 amplicons that represent 82
unique GM events. In addition, 27 plant barcoding primers allowed to determine species
contained in the samples. The advantage of using amplicon sequencing is the versatility
and expandability to perform monitoring of samples without prior knowledge of the

genetic modifications present.

Primers to amplify the barcoding genes rbcL and ITS allowed to identify most plant
species contained in the sample. Samples originating from cotton were however not
well identified with low read counts mapping to the rbcL gene. Low coverage may be
due to selected primers performing poorly in those samples. The complexity of
amplifying a barcoding locus using multiple overlapping pairs of primers was apparent in
the read mapping patterns along the rbcL and ITS sequences. Replacing the pool of
barcoding loci primers with pairs of custom-designed primers for a specific range of
species would alleviate the complexity in amplification and likely increase consistency in
amplification across the desired species. The detection of GM events in positive control
samples was successful for a wide range of GM sequences. However, non-GMO
controls amplified in some GM regions including 5’ and 3' flanking sequences, the
promoters, and terminators, which likely have homology to regions in the genome
outside of the GM sequences. Such a lack of specificity in flanking and promoter
sequences of GM events against regular plant DNA sequences can explain why GMO
event promoters are also amplifying in non-GMO crops (Jores et al. 2021). The GM
regions, which were amplified in non-GMO samples showed indeed sequence
homology in genomes of non-GMO crops. This supports the lack of specificity in the 5’
and 3' flanking sequences of GM events. However, the recovered homologous
sequences in crop genomes did not present 100% identity, which suggests that SNP
calling could be used to differentiate between reads mapping to a GM event versus

reads mapping to non-GMO sequences elsewhere in the genome.
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Endogenous reference genes are conventionally used as controls in GM crop detection
to ensure the presence of target DNA. Here, we opted for a different approach that
extends beyond species-specific restrictions of amplifiable loci (Huang et al. 2013).
Given the diverse nature of the plant materials to be tested, using typical endogenous
reference genes would have constrained our ability to detect GM sequences in diverse
monocot and dicot crops. Relying on barcoding loci such as chloroplast or ribosomal
DNA markers makes amplification possible in principle across entire kingdoms.
However, primer specificity and amplification biases need to be carefully evaluated. In
our assessment, amplification of barcoding loci provided reasonable quantification
accuracy. This is supported by the fact that our study relied on CRM, which had already
undergone qPCR testing for endogenous gene presence. Our microfluidic approach
could well identify species identities. However, we advocate for caution if even more
diverse plant species are to be assayed. A preliminary trial run to compare amplification
efficiency across species and taxonomic assignments is recommended. The microfluidic
amplicons developed in this study diverge also in other ways from traditional GM
detection approaches. Notably, we avoided host-exogenous DNA boundaries in our
primer design. Such cross-boundary gPCR is typically employed to confirm the
presence of a specific insertion event in a specific genetic background. However,
designing amplicons only on exogenous DNA allows for universal amplification of
specific GM sequences at any insertion locus or any genetic background. For specific
host-exogenous DNA boundary detection our assay could either be expanded by

additional amplicons or supplemented by qPCR validation.

Previous studies describing multiplex detection of GM events were largely based on
amplicons stemming from known primer pairs used in routine GMO food and feed
sample screening strategies and approved in GMO reference material (Scholtens et al.
2017, Arulandhu et al. 2018). In some jurisdictions including the European Union, there
is an obligation to proivde a detection method specific to the authorized GM event. As
the common practice usually is centred on the use of qPCR, often only primer

sequences are made available, limiting the investigation of GM events. The dependency
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on a certified set of primers restricts the completeness of the GM event sequences to be
recovered, because amplicon sequences do not cover the complete GM event. The lack
of long amplicon sequences and reference material accessibility are challenging to
investigate GMO sequences comprehensively (Moreira, Carneiro, and Pereira 2017b).
Our study shows that a de novo design of GM amplicons is feasible using public
sequence information and that a broad range of potential GM sequences can be
assessed in parallel. The approach of a microfluidics-based targeted amplicon
sequencing assay enables to screen both hundreds of samples (or replicates)
simultaneously but also allows for large sets of primers to be included in parallel. In
principle, the microfluidics chips would allow the pooling of thousands of primer pairs for
single-step amplifications. Given the uncertainty of amplifying specific sequences from
unknown samples and modification events, the sequence information provides
significantly greater certainty about the identity of an amplified sequence. This contrasts
with qPCR approaches that lack direct validation capabilities under non-standard
conditions. In contrast, targeted amplicon sequencing is less sensitive compared to
gPCR. In our analyses, we found reliable amplification up to ~1:100 dilutions, at lower
concentrations the detection is likely to be only poorly reproducible. Such detection
limitations can be remedied partially by increasing the overall sequencing coverage of

the amplicons as sensitivity is at least partially correlated with sequencing depth.

This study demonstrates the applicaton of a comprehensive amplicon sequencing assay
that leverages the parallelization offered by microfluidics platforms and the depth of
NGS for the detection of GMOs. Our work fits into efforts to standardize and propose a
statistical framework for the detection of GMOs based on the number of reads aligned
per sample. Our workflow expands the capabilities by targeting many sequences of
interest specifically and allowing for the efficient detection of plant species present in a
sample. With 230 designed amplicons corresponding to GM events and additional
primers for species-specific barcoding, our approach represents a significant
advancement in GMO detection. The assay robustness was demonstrated by
successfully identifying ten known genetic modifications across different crop species

and showcasing the potential for uncovering undocumented genetic events. The
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integration of rbcL and ITS barcoding primers enhanced the assay's precision by
enabling accurate species identification within mixed samples, an essential step in
standardised GMO presence across samples. Challenges remain in distinguishing
between GM events and homologous non-GMO sequences. The use of sequence
information provided by NGS offers a direct validation of the detected genetic material.
The successful identification of GMOs in this study underscores the importance of
developing advanced screening methods. Our study shows the relevance of amplicon
sequencing that can be realistically implemented into GMO detection and efficiently

analyzed using a structured bioinformatics pipeline.
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Figure 1. Design and workflow of the targeted amplicon sequencing loci. (A) Recovery of GM sequence events
from EUginius and Portugene databases, and the general structure of a GM event, consisting typically of promotor,
junctions, protein-coding and terminator elements. (B) Multi-primer design for plant barcoding loci to cover
sequence diversity among crop plants. (C) Multiple alignment of GMO sequences per event to obtain consensus
sequences per locus in order to design consensus amplicons of around ~300bp. The microfluidics-based Juno system
was used to amplify all amplicons across all samples in parallel. (D) Bioinformatics downstream analyses including
alignment of reads against plant barcoding and GMO consensus sequences.
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ABSTRACT: Detecting genetic ancestry in admixed individuals is important for understanding
population history. Predefined reference panels from well-characterized ancestral populations
are relevant for current ancestry inference methods. However, these reference panels are
frequently missing or incomplete, especially in ancient samples or poorly represented
organisms. In this study, we present LOCO (LOw depth COpy algorithm), a novel probabilistic
framework to infer the ancestry of admixed individuals directly from genotype likelihoods derived
from low-coverage or low-quality sequencing. Our method builds upon Li & Stephens copy
models (N. Li & Stephens, 2003) as implemented in HAPMIX (Price et al., 2009) and
RASPberry (Wegmann et al., 2011). Still, it removes the requirement for external reference
panels by building ancestral haplotypes from the data, similar to STITCH (Davies et al., 2016).
The model reconstructs reference haplotypes dynamically and accounts for ancestry transitions
caused by recombination events and miscopying errors using a Hidden Markov Model (HMM).
LOCO identifies recombination switch points and estimates genome-wide ancestry proportions.
To evaluate the performance of LOCO, we implemented a simulation framework that generates
admixed genomes data under controlled parameters, including recombination rates, miscopying
probabilities, and haplotype frequencies. We evaluate LOCOQO's ability in reconstructing diploid
ancestry at 1000, 2000, and 4000 loci for sample sizes of 10, 20, and 40 individuals using the
simulated admixed genomes data. LOCO correctly infers that 96.85-98.63% of diploid ancestry
calls are made across different data scenarios. We also evaluated LOCO's ability to detect
introgression events of different lengths. LOCO had difficulty recovering smaller introgressed
segments, although it reliably found introgressed segments larger than roughly 75 loci with
93.38% of correct diploid ancestry calls. This study highlights LOCQO’s ability to infer local
ancestry and detect introgression events when reference panels are unavailable, as well as by
using genotype likelihoods obtained from low-depth sequencing data.

INTRODUCTION

Admixture exchanges genetic material between populations and creates human genetic
diversity that contributes to differences in disease susceptibility across populations
(Korunes & Goldberg, 2021). Studies using admixture mapping have shown loci
associated with traits and diseases. These findings provide information on the genetic
basis of complex traits (Dawkins & Lloyd, 2019; Divers et al., 2017; Garzén Rodriguez
et al., 2024; Gomez et al., 2015; Koller et al., 2022; Pankratov et al., 2024; Welter et al.,
2014; Xia et al., 2024). These studies show the importance of accurately detecting
ancestry to understand the genetic architecture underlying phenotypic variation.
Admixed individuals have a genome that is a mosaic of segments originating from two
or more divergent populations. In diploid organisms, where each individual receives two

sets of chromosomes, during meiosis, homologous chromosomal pairs exchange DNA
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fragments through a process called crossing over (Kleckner, 2006). The crossing-over
happens in certain locations known as chiasmata, which are the points of physical
contact between two homologous chromosomes. The physical breaking and rejoining of
DNA strands at these sites causes the alleles to be rearranged (Kleckner, 2006).
Consequently, "switch points" are created where the ancestral origin changes from one
population to another (Wegmann et al., 2011). In order to characterize admixture, it is
necessary to 1) determine whether an individual is admixed, 2) map the genomic
segments inherited from each ancestral group by locating recombination switch points,
and 3) use reference panels to assign these segments to their respective populations.
(Salter-Townshend & Myers, 2019). Reference panels comprise genotyping data from
individuals with well-characterized and distinct ancestral backgrounds. Reference
panels consist of selected genotyping data from individuals with well-defined ancestry
(Salter-Townshend & Myers, 2019). Comparing the genetic markers in an admixed
genome to those in the reference panel will identify the switch sites and determine the
ancestry proportions of the genomic regions in the admixed individuals (Mosca & Cho,
2023; Salter-Townshend & Myers, 2019).

Probabilistic approaches are needed for ancestry detection because ancestral
populations usually share alleles, given their shared evolutionary history. This overlap
complicates the ancestry assignments to assign genetic contributions to one specific
ancestral population (Shriner, 2013). Methods for ancestry inference are broadly
categorized into allele-frequency-based and haplotype-based models
(Padhukasahasram, 2014). Allele-frequency-based methods focus on how common
alleles are in the reference populations. This approach was implemented in the LAMP
(Local Ancestry in adMixed Populations) model, which determines the most likely
ancestry at each locus using a majority voting system (Sankararaman et al., 2008).
LAMP requires no reference panel, which is an advantage in cases where ancestral
populations of interest cannot be adequately sampled or when representative genetic
data is unavailable. LAMP is highly accurate in differentiating between well-separated
populations (for example, Africans and Europeans) compared to methods that rely on
haplotype information. However, it does not perform well when the ancestral populations

are very similar (Yuan et al., 2017). There is an extended version called LAMP-ANC,
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which can improve accuracy by adding ancestral population data when available
(Sankararaman et al., 2008). LAMP-ANC does not require a predefined reference
panel, it uses ancestral population data derived directly from the study or other available
sources. Other known allele-frequency-based methods are STRUCTURE and
ADMIXTURE. The software STRUCTURE assigns individuals to populations and infers
population structure using a Bayesian approach (Pritchard et al., 2000). It works even in
cases where the actual population boundaries are unknown. The algorithm in the
STRUCTURE framework calculates the likelihood that each individual's genome comes
from one or more ancestral populations; the model uses Markov Chain Monte Carlo
(MCMC) to estimate the allele frequencies for each population and explore various
possible assignments(Pritchard et al., 2000). Similar to STRUCTURE, ADMIXTURE
assigns ancestry proportions to individuals by modelling the data to estimate the allele
frequencies in each population without the need for established population labels,
meaning it does not require prior knowledge of which individuals belong to which
populations (Alexander et al.,, 2009). ADMIXTURE uses a maximum likelihood
framework rather than a Bayesian. The Bayesian framework is scalable and fast,
especially when working with big genome-wide datasets with thousands of samples.
(Alexander et al., 2009).

In contrast to approaches that rely on allele frequencies, haplotype-based approaches
commonly employ Hidden Markov Models (HMMs) to utilise haplotype structure for
ancestry at a finer scale (Price et al., 2009; Shriner, 2013). This finer resolution comes
when haplotype-based methods consider the contiguous segments of DNA inherited
together from ancestors, allowing them to detect smaller, more localised ancestry
contributions than allele-frequency-based methods (Guan, 2014). This approach was
implemented in HAPMIX (HAPlotype MIXture), which models the ancestry process of
assignment using phased reference panels (Price et al., 2009). This made it possible to
identify small genomic fragments with different ancestral origins. The foundation of
HAPMIX is the idea that the admixed population is descended from a combination of
two ancestral populations. (Price et al., 2009). To determine the probability that a

specific haplotype segment comes from one or more populations, HAPMIX uses phased
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reference data. This methodology allows HAPMIX to detect admixture patterns by
combining population-specific mutation rates and recombination maps and accounting
for genotyping errors; all this information improves the robustness of the ancestry
inferences. Recombination maps are a detailed representation of the frequency of
recombination across the genome (Myers et al., 2005; Price et al., 2009). These maps
identify regions where recombination occurs more frequently and those where it occurs
less frequently. High-resolution recombination maps are useful in ancestry inference
methods like HAPMIX because they enable the algorithm to detect the precise sites at
which genetic ancestry switches between populations. This information improves the
model's robustness by allowing it to better account for fine-scale structure in genetic
data, especially in regions with high recombination rates and frequent transitions (Price
et al., 2009). This information on recombination events is essential for accurately tracing
ancestry contributions. The errors in modelling the transitions can lead to incorrect
ancestry assignments and reduce the robustness of inference in admixed populations.
(Hassan et al., 2021). The reliance of HAPMIX on reference panels and recombination
maps restricts its application, particularly for populations with insufficiently characterised
or missing reference data. These dependencies highlight the need for new
methodologies to infer ancestry without such pre-requirements.

Methods like RASPberry were developed to get around the need for pre-established
recombination maps. RASPberry analyses patterns of genetic variation and ancestry
transitions; with this, it can derive recombination rates directly from genotype data
(Wegmann et al., 2011). RASPberry uses an HMM framework to determine ancestry
switch points by modelling several key parameters. The parameters estimated by
RASPberry are: individual-specific ancestry proportions that indicate the probability of
each segment originating from a given ancestral population; recombination of within and
between-population events, reflecting the rates at which these transitions occur; copying
probabilities to decide which reference haplotype is selected during a recombination
event, and also incorporates miscopying probabilities to account for the possibility of
switching to a haplotype from another population due to historical sharing or incomplete
lineage sorting. RASPberry's strategy still requires accurate reference panels to

determine the ancestry of chromosomal segments.
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MOSAIC addresses another key limitation, ie. the requirement for predefined
relationships between reference panels and ancestral populations. In the HAPMIX
model, the reference panels are assumed to closely match the genetic profiles of the
ancestral populations they come from, which helps to have an accurate ancestry
assignment. However, this assumption can be problematic in cases where the
relationships between donor haplotypes, that are the specific genetic sequences
representative of the ancestral populations they are derived from, and the true ancestral
populations are uncertain or incomplete. To overcome this problem, MOSAIC employs
nested Hidden Markov Models (HMMs) to infer these relationships directly from the
data, rather than relying on predefined matches (Salter-Townshend & Myers, 2019). The
HMM allows MOSAIC to determine dynamically how reference haplotypes relate to
unseen ancestral groups and infer ancestry segments and admixture events without
requiring prior knowledge of these relationships. As a result, MOSAIC can be applied
effectively even when reference panels are imperfectly aligned (Salter-Townshend &
Myers, 2019). While MOSAIC eliminates the reliance on predefined relationships
between donor haplotypes and ancestral populations, the availability and quality of
reference panels remain dependencies for robust ancestry assignments.

While admixture analysis relies on high-quality sequencing data -with sufficient
coverage and low error rates- and reference panels, genotyping imputation is a
separate but complementary field. In some genomic studies, the quality of raw
sequencing data might be degraded by variables such as inadequate sequencing
coverage, technical errors, or missing data due to genotyping platform restrictions
(Browning & Browning, 2016). These issues result in incomplete genotyping datasets.
There are genotype imputation tools focused on predicting missing genotypes. They
achieve this through the use of a population's linkage disequilibrium structure, which is
defined as the non-random association of alleles at distinct loci (Browning & Browning,
2016; Howie et al., 2012). Imputation methods use probabilistic frameworks to infer
missing genetic data from observed patterns. For example, IMPUTEZ2 is a software
based on an HMM framework that treats the unobserved true haplotypes as hidden
states, the observed genotype data are generated from these hidden states, which

represent the underlying haplotype structure from the well-characterized reference
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panel (Howie et al., 2012). This model enables IMPUTEZ2 to accurately predict missing
genotypes by "copying" segments from reference haplotypes, preserving the linkage
disequilibrium patterns in the data. This approach has the advantage of high imputation
accuracy when a reference panel is available, but its reliance on external reference
panels can be a constraint for populations that do not have well-curated reference
panels. Another software is BEAGLE, which uses localised haplotype clustering rather
than a global HMM framework (Browning & Browning, 2016). BEAGLE detects clusters
of similar haplotypes in small genomic regions by capturing the local linkage
disequilibrium structure and then uses these clusters to predict missing genotypes
based on the alleles found within them. This localised technique makes BEAGLE more
computationally efficient than IMPUTEZ2 and independent of reference panels, relying
only on accessible data. The disadvantage is that BEAGLE may provide less accuracy
than IMPUTEZ2 where fine-scale haplotype structure is significant. Both IMPUTEZ2 and
BEAGLE function best when genotype data have high call rates, low error rates, and
sufficient marker density to capture linkage disequilibrium patterns across the genome.
For situations where high-quality data and reference panels are limited STITCH is an
alternative tool. STITCH (Sequencing To Imputation Through Constructing Haplotypes)
addresses some of these challenges by offering a probabilistic framework that uses
genotype likelihoods, derived from low-coverage sequencing data, to impute genotypes
and infer haplotypes without requiring external reference panels (Davies et al., 2016).
STITCH models each chromosome as a mosaic of K unknown ancestral haplotypes,
after it infers the haplotype switch points directly from sequencing reads. These switch
points are the transitions between inferred haplotypes; they are modeled
probabilistically but are not explicitly associated with specific ancestral populations or
ancestry transitions. STITCH effectively imputes genotypes in settings where traditional
haplotype reference panels are unavailable, such as in non-human or genetically
diverse populations. STITCH reduces dependency on reference panels, however, its
primary focus is genotype imputation, not ancestry inference. STITCH lacks features
critical for ancestry inference, such as explicity modelling ancestry transitions,
recombination events, or miscopying errors, which are essential for understanding the

mosaic structure of admixed genomes. Also, STITCH does not assign ancestry to the
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inferred haplotypes, limiting its use for studies requiring precise ancestry mapping.
These limitations highlight the need for an alternative approach that can extend the
capabilities of STITCH by not requiring predefined reference panels and using the
sequencing data to provide the necessary inputs for ancestry inference.

In this study, we present a new ancestry inference model for admixed individuals that
uses genotype likelihoods derived from sequencing data that are assumed to have low
quality. Our low-depth copy model does not require reference panels; it uses its data to
create reference haplotypes. We model ancestry transitions through recombination
events and miscopying, treating each chromosome as a mosaic of segments that copy
from the reconstructed reference haplotypes. We used C++ to build our approach and
conducted simulations to verify it. By running the software, we created simulated data to
predict ancestry after we inferred the known ancestry. Additionally, we assessed the
model's detection limits of introgression by simulating introgression events and using
our LOCO model to detect them.
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1 Model

Consider I potentially admixed individuals with genetic data at L bi-allelic loci.

Following others Li et al. 2003, Price et al. 2009, Wegmann et al. 2011, Davies et al. 2016, we will
model the chromosomes of these individuals as a mosaic of segments from N, reference haploytpes for
each of p = 1,..., P ancestral populations using a Li & Stepehens copy-model similar to HapMix and

RASPberry, but infer reference haplotypes as proposed in STITCH.

1.1 Copy-Model

Let us denote by z; = (zill), 21(12 )) the pair of unknown haplotypes at individual ¢ and locus I. These

haplotypes copy from a particular reference haplotype h,n,n = 1,..., Np, which may change along the
(k) _ (z(k) (k)
= it

chromosome due to recombination. Each haplotype z; .,z ).k = 1,2 is thus given by a

specific path through the reference haplotypes h(zl(lk)) € {hi1,...,hiny, ..., hpN, }, which we will model

as follows:

1. Recombination events are modeled as a Poisson processes along the chromosome with rates scaled

by the (genetic) distance §; between adjacent pairs of loci I — 1 and I.

2. Recombination events within a population (i.e. that do not change the ancestry) occur with rates

proportional to p,.

3. Recombination events between populations (i.e. that may switch the ancestry) occur with rates

proportional to p*.

4. Recombination events resulting in a haplotype from population p pick haplotype n = 1,..., N,
with probability fpn,zgil fpn = 1. Note that thus a recombination event within population p
results in a different haplotype with probability 1 — fp,.

5. A recombination event between populations occurring on a haplotype of individual ¢ with current
ancestry p’ results in ancestry p with probability m;p, Zp mip = 1, the genome-wide ancestry pro-
portions of that individual. Note that thus a recombination event results in an ancestry switch

with probability 1 — ;.

6. Following Price et al. 2009, Wegmann et al. 2011, we will also allow for “miscopying” such that a
recombination event resulting in population p picks a reference haplotype of that population with
probability g, = 1 — g, and a haplotype of any other population with probability g,. This process
allows for historically shared haplotypes between populations, for instance, due to incomplete

lineage sorting Price et al. 2009.

Let us denote the hidden state of the resulting HMM by the triplet (ppn), indicating the ancestry
p=1,..., P and the haplotype n = 1,..., N5 copied from population p = 1,..., P, where p may differ
from p due to miscopying. Let us further denote by R;, =1 — e~%Pr and Ry, = 1 — Ry, respectively,
the probabilities that at least one and no recombination event occurred within population p between loci
[ —1 and . Analogous, let Rf =1 — e~ %" and RZ‘ =1 — R denote, respectively, the probabilities that

at least one and no between population recombination event occurred between loci [ — 1 and I.

The transition probabilities Z’L(lk—)l =(p'p'n’) — zl(lk ) = (ppn) are given by



R TipGp fn ifp#p and p=p

R Tipp fon if p#p' and p#p
P ( (k)|z ) _ (Rl*Rlp + R?‘m-p) dpfom ifp=p andp=pand (p #p orn#n')
V) (Bi Ry + Rimip)ap fn if p=p/ and p#p and (5 # § or n #n')

RiRjy+ (RfRyp + Rimip)dpfon ifp=p and p=p and p = p' and n = n/

RiRyy + (R Rip + Rimip)apfon if p=p and p#p and p = p' and n = n/

(k)

The probability for the initial state (first locus of a chromosome) z;;” is given by
5 Wip(jpfﬁn if p = p, (a)
P (=) = (pim)) = { o
TipQpfon i p # P. (b)

1.2 Emission probabilities

Following (Davies2016), we will model each reference haplotype h,, from population p as a vector
of probabilities hy, = (hpni,...,hpnr) with which the haplotype emits an alternative allele at locus
l=1,...,L.

Given the pair of haplotypes z; = (z(l) 22 )) of individual z at locus [ and denoting by hy(z; )) the

il il

probability of the alternative allele at locus [ of haplotype h( 2 ), the probability of observing genotype
g =0,1,21is

(1= m(zi)(1 = (=) if g =0, (I
Plgr = glzit) = § (1= hu(z{)h <(2>>+hz< DHa-mE) it e=1, (In)
(=0 (27) if g=2. (1)

Given genetic data summarized by the genotype likelihoods P(d;;|g), g = 0, 1,2, we have
zl|Z7,l Z]P) 1l|g |Zzl) (1)

1.3 Hidden Markov Model

Let us define by 8 = {p, p*,m,q, f,h} the set of hierarchical parameters, where p = p1,...,pp and
T=m11,...1;pand g =q,...,qp and f = fi1,..., fpn, and b = hq11, ..., hpNpr. In addition, let
us define by z = zﬁ), .. sz all hidden states and by D = dy1,...,dsp all observed data. The complete
data likelihood is given then by

I L

L
Lc(0) =P(D|6, z) = [[P(zir) [ [ P(zarlzi—1) [ [ P(da|za). (2)
=1

i=1 1=2
where the initial state and transition probabilities are given by the product over the two haplotypes:

P(zia) = PELPED),
P(zilziu-1) = P(z (1)|21(11)1)]P( (2)|22(12)1)'
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Note that we chose a notation with one HMM running on the combination of the two hidden states z;,
rather than two HMMs running on each of them independently, because this simplifies the notation.
Mathematically, the two options are equivalent.

The complete data log-likelihood is

I I L I L
(e(8) =10gP(D|0,2) = > logP(zi1) + » Y logP(zalzi—1) + Y > logP(dulzi). (3)
i=1

i=1 =2 i=1[=1

1.3.1 Q-function

Maximum-likelihood estimates of @ can be obtained by iteratively maximizing the Q-function Q(68|0") =

E [56(0)|0/, dl:LL where 0’ denotes the vector of current parameter estimates:

L

E [logP(zi1)|ds1.,0'] + ZE [log P(zit|zi—1)|di1:0,0'] + ...
=2

Qo)) =

N.
i M~
I,

| — |

+

HNgS

E [log P(dit|za) |9/]]

I L
= Z%l(zil) log P(z;1) + Z Z Z &i(zir, zi—1) log P(z|zi—1) +

i=1 Zi1 =2 2z Zj-1
L

+ Z Z%‘l(zu) log P(dizzu)] )
=1 zi

where 7;(zy) and &;(zi,z4—1) denote the expectation weights P(z;|d;1.0) and Pz, ziu—1|d;1.1),
respectively. These weights can be calculated efficiently with the standard forward-backward algo-

rithm.

2 Inference

2.1 Parameters of the transition-part

For the updates of the parameters in the EM, we need to take the derivative of the Q-function with
respect to each parameter and solve for zero. Since this is analytically not feasible, we will resort a

Newton-Raphson to find the root of first derivative, and hence also require the second derivatives.

To unclutter the notation, let us re-arrange the sums in the transition-part of the Q-function:

L
Qt(0|0/) = ZZZ Z gzl Zily Zil—1 logp(zzl|zzl 1)
2

I

1=11=2 2z zi-1
I L
1 2), (2
= ZZZZZ thl (l)v Zil s 11)17 Z(l)l)(log]P’( Zil ‘Zzl 1) +1ogP(z ()|Zz(l)l)>’
i=11=2 ,() @ ,(1) (@

il R Fil—1 Fa-a

I L
= ZZ ZZlog}P’ 1(11)1 szl 1117 Zil zll)1azz(zz)1)+-~-

im0, @ 2,

2),(2) L@ ) (2)
+ZZIOgP(Zil 230 21) szl Zil g Zil s Zii10 Zil-1)

(2) _(2) (1) (1)
2l il 2l Rl



By summarizing by transition case X € {A, B,C} and current state (ppn), we arrive at

ZZZZS‘ Jpin log( (X)ppn(9)> :

X ppn

where f e sums over all entries of the &y matrix where haplotype (1) or (2) take transition X and

end up in current state (ppn):

pr” 1 1 1) (2 _(1 2
( ) ZI( pp”)) ZI<( 1(1)1_>Z(l) X)szil z(l)7 z(l)7 1(1)17 z(l)1)+

(1) e 2(2) ,(2)
Zil=1 il Rl

ZI( PP”)ZI( 11_>Z )szzl 11»1(12)7 11)1» 1(12)1)

e e (1) (1)
Zil Zil=1 2l Rt

Here, 7 (( (k)l — z(lk)) € X) indicates if the transition from zl(lli)l to zl(lk) belongs to the group of tran-

(k) _ (k)

sitions characterized in transition X, and Z (z corresponds to the

triplet (ppn). For each transition case X € A, B, C, we therefore store a total of Zp Z,; Nj sums.

(ppn)) indicates if the state z;

2.2 Parameters of the initial-part

For simplicity, we omit the initial probabilities when updating parameters.

2.3 Parameters of the emission-part

For the emission probabilities, the emission-part of the Q-function is relevant, i.e. Q.(8|0") that was

written out above.

I
Q.(010") = Z [sz(zu)logIP’(du|zil)] ) (4)

=1 Ll=1 =z4

Given the genotype likelihoods P(d;;|g)

I L
Qc(010") = "> > valza)log (ZP(dizlg)P(gzu))> : (5)

=1 1=1 z;

where

S P(dalg)Plglza) = P(dalg =0)(1— hu(2{")(1 = hi(2)) + ...

+P(dalg = 1)((1 = h(z))Ni() + hi(z0) (1 = (2P))) + ..
+P(dulg = 2)hi (25 (0.

take derivative with respect to h;(z; (k) ),k =1,2. Let us define by h;(z (j)) the h; for the j # k (i.e. when

deriving for h( l-(l )), then j =2, and vice versa)

B o (S
) % ZZ%I 20, 23) (%) (6)
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where G =} P(di|g)P (9|Zzl ) z(l])) and

S(s) = —P(dalg = 0)(1 — mu(z17)) + P(dulg = 1)(1 — 2h(257)) + P(durlg = 2)h(=5).

Set to zero and solve for hl(zl(lk )) is analytically not feasible. We will employ Newton-Raphson and the
second derivatives are required.

9 ZZ 20y S(5)S(k)
ahl(zz(l )2 Q{016 =1, Tl Zl ’ i ( G? ) ' @
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Implementation

We implemented the proposed HMM framework as a C++ program called LOCO, which
stands for LowDephCopyModel. The source code and documentation are publicly
available through a git repository at
https://bitbucket.org/wegmannlab/lowdepthcopymodel. LOCO is designed to be
user-friendly, providing a command-line interface that allows users to specify input files.

The program supports BEAGLE files to represent genotype likelihood data.

Simulation framework

To evaluate the model's performance, we implemented a simulation framework that
generates admixed genomes using a probabilistic approach. Admixed individuals are
generated using parameters representing global (rho_start) and population-specific
recombination rates (rho_p), miscopying probabilities (gq_p), population proportions
(pi_ip), and haplotype frequencies (f_pn). The parameters rho_start, rho_p and q_p are
provided via command-line input, and pi_ip and f pn are sampled from a Dirichlet
distribution where pi_ip values sum to 1 for each individual across population and for
f pn sum to 1 for each population across haplotypes. Simulations start by generating
the hidden ancestry states for each individual across all loci using a transition probability
matrix. This matrix represents the recombination events and miscopying and is
computed based on the sample parameters rho_start, rho_p, q_p, pi_ip and f_pn. For
each individual, the HMM simulates a sequence of hidden states corresponding to the
haplotypes inherited from the ancestral populations. Once the hidden states are
generated, they simulate genotype data. At each locus, the two haplotypes define the
probability of the individual carrying O, 1, or 2 alternative alleles. The probabilities are
computed as follows, given the alternative allele probabilities 8: and 6. from each

haplotype:

e P(G=0)=(1-0/)(1-8)
o P(G=1)=(1-61)8:+6:(1-62)
[ ) P(G=2) = 0:0:
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Genotypes are sampled according to these probabilities and written in a Beagle-format
output file. Genotype likelihoods are hard-called, meaning the selected genotype has
probability 1, and the others have probability 0. We initialise the model with values close

to the true simulated parameters with an error of 0.0001 for inference.

Simulation of ancestry

To generate the simulated data used to evaluate the performance of the ancestry
inference. We executed the simulation framework as follows: combination runs using
the number of individuals 10, 20 and 40, and the number of loci 1000, 2000 and 4000.
For each simulation, we specified the number of populations 2, the number of
haplotypes per population 2,2, rho_star=0.01, rho_p=0.1,0.2 and q_p=0, pi_ip and f_pnl
sampled with variances of 0.1, h_pnl samples with shape parameters a = 3 = 0.7. The
output of each simulation run was written in Beagle format. For inference, the generated
Beagle file and simulation parameters file were used as input. The haplotypes per
population were fixed at 2,2, and the model was initialised with values close to the true
simulation parameters, perturbed by 0.0001. Convergence was controlled with a

maximum of 3000 iterations and a minimum log-likelihood change threshold of 0.0001.

Simulation of introgression

To evaluate the model’s ability to detect introgressed genomic segments, we extended
the simulation framework to simulate introgression events explicitly. This was done by
introducing a donor population (Population 2) contributing a genomic segment to a
subset of individuals in the simulated dataset. We simulated datasets with 10
individuals, 2000 loci, number of populations 3 and haplotypes per population 2,2,2.
Individual 0 was designated as the donor, with 100% ancestry from Population 1. All
other individuals were initialised with 0% ancestry from Population 1; this ensures that
any observed ancestry from Population 1 results from the introgression. Introgression
was simulated by forcibly overwriting a contiguous genomic segment with haplotypes
from the donor population. The introgression region covers loci [1000, END], where
END ranges from 1001 to 2000, simulating different introgressed segment lengths. For

each simulation, there is a Beagle-format file and an information file containing the
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information of which individuals received introgression. Inference was then performed
using the same simulation framework. The number of haplotypes per population was
fixed at 2,2,2, and the inference was initialised using the true simulation parameters and
perturbed by 0.0001. Convergence was controlled with a maximum of 3000 iterations

and a minimum log-likelihood change threshold of 0.0001.

Extraction of the population of origin

To get the population of origin, we extracted ancestry calls from the posterior distribution
over all combined hidden states. Each state represents a diploid configuration of two
haplotypes encoded as (p1,p_tilde1,n1)x(p2,p_tilde2,n2). To determine the true
ancestral source, we marginalised the posterior distribution by focusing on each state's
p1 and p2 components, which are the actual population from which haplotype 1 and
haplotype 2 were inherited. To extract the diploid ancestry calls, we listed all possible
single-haplotype states based on the number of populations and haplotypes per
population. Then, for each individual and each loci, we used the posterior probabilities
to build a population-by-population matrix, where each entry (i,j) represents the total
probability that haplotypes 1 and 2 came from populations i and j, respectively. For
example, this gave us the diploid ancestry call for two populations: P1/P1, P1/P2, or

P2/P2 for every individual at each locus.

Diploid ancestry matching genotype calls

To evaluate the model's performance in recovering individuals' diploid ancestry, we
compared the inferred ancestry calls to the true simulated ancestry. The comparison
was done for the combination of individuals: 10, 20, 40 and loci: 1000, 2000, 4000. We
used the posterior state probabilities output by the simulator and the inference model to
derive diploid ancestry calls as done in the previous section of extraction of the
population of origin. To quantify the percentage of matching genotype calls between
simulated and inferred diploid ancestry calls, we computed the percentage of loci where
the simulated and inferred calls matched each individual. This percentage represents

the diploid ancestry matching genotype calls for that individual. The matching genotype
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calls distributions were visualised across the different data sets, which are the

combination of loci and individuals, using ridgeline plots.

Data availability statement

The outcomes of the simulations will be made available. For the submission of this
thesis, the simulation results are provided in a separate folder. The code used for this
study is part of the LowDepthCopyModel project and is currently hosted in a private Git
repository on Bitbucket.

Evaluation of the Ancestry Inference

We compared the true simulated ancestry with the inferred ancestry to evaluate our
model in inferring diploid ancestry across admixed genomes. The ancestry of each
individual at each locus was represented by one of three possible diploid ancestry
states: P1/P1 (homozygous), P1/P2(heterozygous), or P2/P2 (homozygous), which
correspond to the combinations of haplotypes inherited from two ancestral populations.
The inferred ancestry profiles for the dataset of 10 individuals and 1000 genomic loci
captured the overall patterns of population contributions and ancestry transitions (Figure
1A). The total number of diploid ancestry calls was 10000, one for each locus in each
individual. Of these, 9823 ancestry calls (98.23%) matched correctly between the
simulated and inferred calls. Minor discrepancies were observed in 177 ancestry calls
(1.77%). We identified 66 ancestry discrepancy segments across the 10 individuals.
These segments varied in length from 1 to 14 loci, with most discrepancies being short,
with a mean length of 2.68 loci. These discrepancies occurred around recombination
breakpoints, where the ancestry changes rapidly from one population to another, and
the true ancestral segments are very short, making them harder to detect. We
increased the dataset size to 20 individuals and 2000 genomic loci (Figure 1B). The
model continued to accurately recover the simulated diploid ancestry across the
majority of loci (Figure 1B). The total number of diploid ancestry calls was 40000, one
for each locus in each individual. These 39350 calls (98.375%) were consistent
between the simulated and inferred ancestry. 650 calls (1.625%) did not match the

simulated ancestry; We identified 220 ancestry discrepancy segments across the 20
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individuals. These segments ranged from 1 to 34 loci, with most being short, with a
mean of 2.95 loci. As in the smaller dataset, the discrepancies were generally localised
and often occurred near recombination breakpoints, where the ancestry switches rapidly
from one population to another. In such regions, the true ancestral segments can be

very short, which makes them more difficult to resolve.

Regardless of the increase in sample size and genomic complexity, the model could
reconstruct the broad patterns of ancestry transitions. We also computed the
percentage of correctly matching calls of simulated and inferred diploid ancestry calls
for combining data sets of 10, 20 and 40 individuals and 1000,2000 and 4000 loci
(Figure 2). Overall, the mean matching percentages remained high, ranging from
96.85% to 98.63%, with the highest matching observed in the dataset of 20 individuals
and 1000 loci (98.63%) and the lowest in the dataset of 10 individuals and 2000 loci
(96.86%). Increasing the number of loci from 1000 to 4000 and the number of
individuals from 10 to 40 did not compromise the matching percentage, underscoring
the robustness of the model. The discrepancies increased in larger data sets, ranging
from 177 discrepancies in the smallest dataset (10 individuals and 1000 loci) to 2402 in
the largest (40 individuals and 4000 loci). The mean segment lengths of the
discrepancies kept short ranged from 2.49 (20 individuals and 1000 loci) to 5.38 loci (10
individuals and 2000 loci). The model can recover diploid ancestry in independent

inference runs with data sets of different genomic lengths and sample sizes.
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Figure 1. Comparison of Simulated and Inferred Diploid Ancestry. (A) Comparison for 10
individuals across 1000 genomic loci. (B) Comparison for 20 individuals across 2000
genomic loci. For each (A) and (B), the top panel shows the simulated ancestry for each
individual at each locus, while the bottom panel shows the ancestry inferred by the
LOCO model. Each colour represents a diploid ancestry state: P1/P1, P1/P2, and
P2/P2.
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Figure 2. Percentage of Matched Diploid Genotype Calls Between Simulated and
Inferred Ancestry. Ridgeline plots showing the distribution of per-individual diploid
ancestry matching percentage across nine simulated datasets. Each dataset
corresponds to a combination of the number of individuals (10, 20, or 40) and the
number of genomic loci (1000, 2000, or 4000). For each individual, the matching
percentage was calculated as the fraction of loci where the inferred diploid ancestry call
(P1/P1, P1/P2, or P2/P2) matched the true simulated call.

Evaluation of the simulated introgression

To evaluate the model’s ability to detect introgressed genomic segments, we simulated
a dataset containing a short introgression event of 20 loci, originating from individual 0
as the donor, who carries ancestry P2/P2 (Figure 3A). The recipients of the

introgression were individuals 1 to 4. In the simulation, we observe that the introgressed
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segment was correctly introduced in individuals 1 to 4, showing ancestry P2/P2 in loci
1000-1020. However, in the inference, the 20 ancestry calls within the introgressed
segment failed to match the simulated P2/P2 calls in these individuals. Instead, the
inferred ancestry in this region consisted of P1/P3. This indicates that the model is
unable to correctly infer the small introgressed segment of 20 loci. To evaluate the
model’s performance in detecting a longer introgressed genomic segment, we simulated
a dataset containing an introgression event of 100 loci, originating from individual 0 as
the donor, who carries ancestry P2/P2 (Figure 3B). The recipients of the introgression
were individuals 1 to 4. In the simulation, the introgressed segment was correctly
introduced in these individuals, showing ancestry P2/P2 in loci 1000-1100. In the
inference, the model successfully recovered the introgressed segment in all four
individuals. For individuals 2 to 4, all 100 loci within the introgressed region were
correctly inferred as P2/P2. For individual 1, the model recovered 95 out of 100 loci

accurately. The model is capable of correctly detecting longer introgressed segments.

To evaluate the model's sensitivity to introgressed segment length, we simulated
introgression events of sizes from 1 to 1000 and evaluated the percentage of correctly
inferred diploid ancestry calls. We focused on four recipient individuals, 1 to 4, and
measured the percentage of matching ancestry calls between simulated and inferred
segments as a function of introgression length (Figure 5). For short introgressed
segments (0-25 loci), the model failed to recover any ancestry correctly, with an
average matching percentage of 0%. In the 25-50 introgressed length range, the
average matching percentage was 12.95%. In the 50-75 range, we have an average of
60.29%. For segments between 75 and 100 loci, the average matching percentage
reached 93.38%. The smallest introgression segment length that resulted in a perfect
100% matching ancestry percentage was 41 loci introgressed in individual 3.
Conversely, the largest introgressed segment that the model completely failed to detect
was 80 loci in individual 4. The model has limited power to detect very short
introgressed segments (<50 loci), but performs robustly for segments longer than 75

loci, with near complete recovery of true ancestry.
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Figure 3. Simulation and Inference of Introgressed Segment. (A) A short introgressed
segment of 20 loci from positions 1000 to 1020. (B) A longer introgressed segment of
100 loci from positions 1000 to 1100. For each (A) and (B), the top panel shows the
simulated ancestry with the introgressed segment originating from individual 0 as the
donor (P2/P2), introduced into individuals 1 to 4. The bottom panel shows the ancestry
inferred by the LOCO model. Each colour represents a diploid ancestry state: P1/P1,
P1/P2, P1/P3, P2/P2, P2/P3, and P3/P3. The dashed lines represent the segment

where the introgression can be found.
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Figure 4. Introgression Length on Ancestry Inference. Each point represents the
percentage of correctly inferred ancestry calls for an individual across an introgressed
segment of a given length. The x-axis shows the length of the introgressed segment in
loci, and the y-axis shows the percentage of matching ancestry calls between the

simulated and inferred segments.
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Discussion

In this study, we introduced a new Low-depth copy model to infer ancestry in admixed
individuals directly from genotype likelihoods derived from low-quality sequencing data.
Our approach builds upon Li & Stephens copy models, as extended by HAPMIX and
RASPberry, and adopts the key feature from STITCH of constructing reference
haplotypes from the data itself rather than requiring curated panels (N. Li & Stephens,
2003; Price et al., 2009; Wegmann et al., 2011). LOCO combines this data-driven
haplotype reconstruction with explicit modeling of ancestry transitions, recombination
events, and miscopying directly from genotype likelihoods within an HMM framework,

allowing accurate ancestry inference in the absence of reference panels.

Our simulation results demonstrated correct performance in the inference of diploid
ancestry calls across a range of genomic lengths from 1000, 2000 and 4000 loci and
sample sizes of 10, 20 and 40 individuals. The percentage of matching diploid ancestry
calls between the simulated and inferred data remained high in all scenarios, with mean
values ranging from 96.85% to 98.63%. These results reflect the robustness of the
model, even as genomic complexity and sample size increased. Discrepancies between
the simulated and inferred ancestries happened at specific loci corresponding to
recombination breakpoints, where ancestry changes abruptly from one population to
another. Across all datasets, the discrepancies were segment lengths consistently short
between 2.49 and 5.38 loci on average. These short segments were difficult for LOCO
to recover, as their signal was indistinguishable from adjacent regions. As a result,
LOCO tended to smooth over these transitions, assigning the dominant neighboring
ancestry state across the region. This limitation of not correctly predicting the ancestry
for short segments near breakpoints has been observed in other local ancestry models
(Guan, 2014; Maples et al., 2013). Maples et al. showed that window-based
discriminative methods, like RFMix, often exhibit switch errors at recombination
boundaries because the signal in a few SNPs is insufficient to support a state change
(Maples et al., 2013). Similarly, Guan et al. reported that where the ancestral track is
short, it tends to exhibit lower inference accuracy due to insufficient distinguishing

information (Guan, 2014). While LOCO effectively reconstructs broad ancestry profiles
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and long-range transitions, it shares a common limitation with other local ancestry
methods in recovering very short segments near recombination breakpoints. We further
evaluated LOCOQO’s ability to detect introgressed genomic segments. We observed that
segments shorter than 25 loci had a 0% average matched to the correct introgressed
ancestry, while those in the 25-50 loci range had only 12.95% matching. The
performance improved significantly for longer segments, reaching an average of
93.38% matching for segments 75-100 loci in length. These findings indicate that
LOCO is capable of detecting longer introgression segments, but its resolution for
detecting short introgressed segments is limited. As mentioned above, having short
segments in this case from introgression events makes it challenging for inference
models to differentiate these segments from the surrounding genomic background
(Guan, 2014; Maples et al., 2013).

In our experiments, we initialised parameters with values extremely close (within
0.0001) to the true simulation parameters to prevent the EM algorithm from becoming
trapped in local maxima during optimisation. This approach is effective when true
parameters are known, but in practical applications of LOCO, users typically lack this
information, as they would not run the simulation mode where parameters are the input.
However, a parameter that users can obtain externally and provide to LOCO is the
genome-wide ancestry proportion (pi_ip). These proportions represent the overall
fraction of an individual’s genome that is derived from each ancestral source and are a
key component of the transition probabilities in the LOCO model. Instead of asking
LOCO to infer these values by the EM optimisation that can fall to local optima, users
can compute pi_ip using global ancestry inference software such as ADMIXTURE,
fastSTRUCTURE, or STRUCTURE (Alexander et al., 2009; Pritchard et al., 2000; Raj et
al.,, 2014). In the case of ADMIXTURE the output is a matrix where each row
corresponds to an individual, and each column corresponds to the proportion of their
genome assigned to one of the ancestral populations (Alexander et al., 2009). These
global ancestry proportions can be directly interpreted as the pi_ip parameters needed
by LOCO. If pi_ip is provided externally by the user, it will reduce the number of
parameters LOCO have to infer and reduce the likelihood of converging to a suboptimal

local maximum.
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Poor initialisation of the parameters can lead to suboptimal inference, preventing the
model from converging to the global maximume-likelihood solution. To address this, in
future work, we could develop a strategy where we run the EM algorithm multiple times
with different random initialisations and select the model that achieves the highest
likelihood (Fraley & Raftery, 1998). For HMM, the EM algorithm (specifically
Baum-Welch) is highly sensitive to initialisation given the presence of numerous local
optima (Bilmes, n.d.). To mitigate these random initialization issues, some methods
have been proposed to improve EM initialisation beyond random. One method is
Kwedlo’'s Mahalanobis distance-based approach, originally used in clustering models
like Gaussian Mixture Models but also applicable to HMMs (Kwedlo, 2015). The key
idea is to choose initial parameter values that are very different from each other so that
each hidden state starts off modeling a different part of the data. This is done by
measuring how far apart data points are using Mahalanobis distance, which is a way to
measure distance that accounts for the shape and spread of the data (unlike regular
distance, it considers how variables are correlated). This helps avoid starting two states
in the same part of the data, which could lead to poor initialisation to find the global
maxima. Another method is Multiple Restart Iterative Partition EM (MRIPEM) (You et al.,
2023). Instead of choosing all initial parameters at once, MRIPEM builds the model step
by step. It starts with one group and then gradually adds more, each time identifying
parts of the data that haven’t been well captured yet. After adding each group, it
reassigns data points and updates the model parameters. This process helps the model
find and separate different patterns in the data early on, making the EM optimisation
more stable. In their experiments, You et al.. showed that MRIPEM led to more reliable
results with fewer differences between runs and better accuracy than standard random
starts. These methods can be integrated into LOCO to provide better initialisation of the
parameters, helping the model avoid getting stuck in local maxima. At the same time,
we can implement the strategy of running multiple initialisations with these alternative
methods that will help LOCO explore different regions of the parameter space and

select the best-performing solution.

Overall, LOCOQO’s ability to recover diploid ancestry across a wide range of simulated

scenarios demonstrates the model’'s potential for analyzing real-world data where
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reference panels may not be available. While challenges remain, these are common to
most local ancestry methods and can be addressed through improved initialization

strategies.
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Newton-Raphson for low-depth copy model

April 13, 2024

Let us denote by quX)(G) the term relevant for case X € A, B,C, D, E, F of transition probabilities. Here,
0 = {p*, pp, Tip, @p, fpn} 1s the vector of all parameters that are relevant for Newton-Raphson.

Our goal now is to take the first and second derivatives with respect to all these parameters of the function
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The following rules apply when taking the derivative for a parameter 6 € 0:
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where 362 qfl ) corresponds to the second derivative of ¢;; with respect to 6.

1 First derivatives

The first derivatives are:
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2 Second derivatives

The second derivatives are:
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ABSTRACT: The production and trade of genetically modified (GM) crops are regulated by
governments globally with a high degree of variation in rules. It affects the planting, marketing,
labelling, and trading of GMs. To ensure compliance, accurate detection and screening methods
for GMs are necessary. Existing molecular methods efficiently screen traditional GMs. However,
the advance of New Genomic Techniques (NGTs), including CRISPR/Cas9, introduce only
minimal modifications, called second-generation GMOs. Second-generation GMOs are
challenging to screen for if the modifications are not previously known. Here, we explore
whether such screenings are still feasible if the species context is taken into account. We apply
an ancestry inference method for screening second-generation GMO-like modifications as a
proof-of-principle approach with an algorithm called low-depth copy model (LOCO). LOCO does
not require a reference panel and uses genotype likelihoods as input suitable for low-input
sequencing data. We focused on a diverse sample of unmodified rice cultivars and artificially
created second-generation GMO-like modifications by swapping chromosomal segments. We
discuss the detection limits considering the scope of modifications, the genomic locations and
the sequencing coverage. Future applications should include real-world second-generation
GMOs modifications and assess the suitability to implement the procedure in second-generation
GMOs screening efforts.

INTRODUCTION

Genetically modified organisms (GMOs) are developed for agricultural and industrial
applications. Ninety-nine percent of GM crops that are commercially available have
characteristics including resistance to abiotic stress, herbicides, and insects. (Rozas et
al., 2022). Herbicide tolerance, for instance, is provided by genetically modifying
soybeans to express a gene that codes for 5-enolpyruvylshikimate-3-phosphate
synthase, which confers resistance to herbicides based on glyphosate. Agrobacterium
sp. strain CP4, which is naturally resistant to glyphosate, is the source of the gene. The
gene was introduced into the plant genome by transforming the plant using
Agrobacterium tumefaciens. (Arias et al., 2021). As an example of insect resistance,
corn was modified to express Bacillus thuringiensis's Cry1Ab protein to defend against
pests such as the European corn borer.(Priestley & Brownbridge, 2009). Canola is
another example; it was modified to have a different fatty acid makeup, which increased
its industrial uses. (Neff et al., 1994). Apart from these traits, plants have also
undergone modifications to enhance their nutritional value. For instance, in areas where
rice is the main food supply for humans, the "golden rice" was created to manufacture

provitamin A in order to alleviate vitamin A deficits, similar to the "golden banana”
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production. (Ye et al., 2000) (Paul et al., 2017). However, all of these GMOs were
developed by traditional genetic engineering methods that insert genetic constructs,
including promoters, terminators, and coding sequences. These GMOs are called
first-generation GMOs. The origin of the inserted sequence is typical of heterologous

origin.

The second generation of GMOs was produced via so-called New Genomic Techniques
(NGT), including CRISPR/Cas9 (Bohle et al., 2024). Second-generation GMOs have
targeted edits; NGT allows editing a small number of base-pairs or excise sequences
rather than introducing permanently exogeneous DNA. Typical modifications achieved
through CRISPR/Cas9 in agriculture include single-gene knockouts, precise nucleotide
substitutions, and small deletions (Arora & Narula, 2017). CRISPR/Cas9 editing of
hexaploid bread wheat at all three homoeo-alleles of the MLO gene is one agricultural
application providing broad-spectrum resistance to powdery mildew. (Y. Wang et al.,
2014). In tomatoes, for increasing the soluble sugar content, CRISPR/Cas9 was used to
knock out the genes SIINVINH1 and SIVPE5(B. Wang et al., 2021). Furthermore, in
tomatoes CRISPR/Cas9 was used to edit specific carotenoid biosynthesis genes to
enhance the lycopene content and red colour of fruits (Tiwari et al., 2023). In bananas,
to prevent the activation of infectious viral particles CRISPR/Cas9 was used to
inactivate the endogenous banana streak virus (eBSV) (Tripathi et al., 2019). The
development of GM rice (Oryza sativa) varieties highlights the adoption of
CRISPR/Cas9, representing 12-33% of global gene-editing research compared to other
crops (Chen et al.,, 2024). Many genes have been edited in rice to enhance various
traits: Pi21 was knocked out to confer resistance to rice blast, OsSWEET14 was edited
to improve resistance against bacterial blight caused by Xanthomonas oryzae,
OsSPL10 was knocked out to enhance resistance to the brown planthopper, OsRR22
was modified to enhance salt tolerance significantly, GS9 was edited to increase grain
length, and the Wx promoter region was edited to influence the texture and taste of
cooked rice (F. Wang et al., 2016, Zeng et al., 2020, Lu et al., 2018, Zhang et al., 2019,
Zhao et al., 2018, Zeng et al., 2020).
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Despite numerous potential applications of second-generation GMOs in agriculture, the
regulatory landscape has not evolved substantiarily in Europe (Koller & Cieslak,
2023).At first, all gene-edited organisms were categorised as GMOs by the European
Union (EU), which applied the same rules. (Schmidt et al., 2020). The primary law
governing the release of genetically modified organisms into the environment in the
European Union is Directive 2001/18/EC. This directive aimed to control first-generation
genetically modified organisms (GMOs) created by previous genetic engineering
methods. Developments in NGTs produced second-generation GMOs, which are
genetic alterations that might be identical to those found in nature. These developments
raised questions about whether the current legal system is appropriate for regulating
genetically modified organisms of the second generation. (New Genomic Techniques,
2024). Directive 2001/18 is being revised to improve the legal framework for
gene-edited crops. (New Genomic Techniques, 2024). While genetic engineering
continues advancing, the legal framework continues adapting. The detection of
first-generation GMOs is well-established, relying on techniques that identify known
genetic constructs and heterologous DNA. Quantitative polymerase chain reactions
(qPCR) is widely used due to their sensitivity and specificity to detect genetic
modifications (Broeders et al.,, 2012; Marmiroli et al., 2008). Such PCR-based
techniques are also the primary current method to detect second-generation
GMOs(Chhalliyil et al., 2020). For the first commercially available genome-edited plant,
canola, single-nucleotide changes have been quantified using a Real-Time Quantitive
PCR (gPCR) (Chhalliyil et al., 2020). However, PCR methods share the limitation of
requiring prior knowledge of the genetic modification to design specific primers, hence
limiting the identification of unknown genome edits (Broeders et al., 2012). Also, the use
of gPCR is problematic for detecting edits introduced by NGT because they involve
single nucleotide modifications that are difficult to detect by standard qPCR assays
(Aubry et al., 2021). Next-generation sequencing (NGS) helps to detect first-generation
GMOs, determine insertion locations, copy number variations, and possible off-target
mutations. For example, a multiplex amplification combined with NGS sequencing
detected numerous transgenic constructs of first-generation GMOs (Reyes-Avila et al.,

2023). Another example is Fraiture et al., combining DNA walking to amplify unknown
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transgene flanking regions with high-throughput sequencing. Their method is capable of
distinguishing transgene configurations and flanking regions, enabling the detection of
unauthorised GMOs (Fraiture et al., 2017). The high resolution of NGS can be useful for
the detection of second-generation GMOs (Grohmann et al.,, 2019). Whole-genome
sequencing (WGS) can help to detect modifications without prior knowledge.
(Grohmann et al., 2019). The procedure involves matching the sample's sequencing
reads to a reference genome sequence to identify possible genome modifications.
However, it can be challenging to tell the difference between the result of genome
editing and spontaneous mutations if the changes come from a closely related species.
Existing PCR-based and NGS-based methods often rely on having prior knowledge of
specific introduced constructs or clear divergence from a known reference, which is not
always the case for second-generation GMOs that may have minimal or naturally
occurring variations. Moreover, when the introduced DNA originates from closely related
species or when only single-nucleotide edits are introduced, these changes may be
indistinguishable from the genetic background variation, thus limiting the sensitivity of
traditional detection approaches. Given this, there is a strong demand to improve

detection procedures and develop new statistical algorithms addressing this challenge.

Ancestry methods help to assign the genetic contributions of ancestral populations to
admixed individuals. Reference panels are a collection of genotyping data from
individuals  with  well-characterized and  distinct ancestral  backgrounds
(Salter-Townshend & Myers, 2019). Regardless of the progress of ancestry inference
methods, reference panels are needed; this represents a challenge for no model
organisms where reference panels are not always available (all the references). The
Low-depth Copy Model (LOCO) algorithm determines ancestry by dynamically
reconstructing the reference panels, hence abolishing the need for a priori reference
panels. LOCO was also proven to detect introgression events. A reference-panel-free
approach is valuable for second-generation GMOs, where known transgenes or
well-characterized markers might be absent, and reference panels may not be readily
available. This approach has the potential to detect genome modifications in
second-generation GMOs. LOCO can detect subtle genomic changes, inferring

recombination events based on learning recombination parameters from the genotype
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likelihood data. Such subtle genomic changes are often found in second-generation
GMOs. By focusing on variation patterns rather than searching for a single, known
transgene, LOCO can potentially detect edits shared with closely related lineages,
offering a powerful complementary method to existing GMO detection pipelines.
Furthermore, LOCO may be able to detect genome edits originating from closely related
lineages within the same species. An additional advantage of LOCO is the ability to use
genotype likelihoods as typically obtained from low-quality sequencing data. Real-world
testing for second-generation GMOs content may have to be performed on
contaminated or low DNA input samples. Hence, the genotype likelihoods can

circumvent the challenge of hard-calling genotypes.

In this study, we aim to evaluate the performance of the LOCO model to detect subtle
genetic modification representative of second-generation GMOs. We selected a dataset
from rice that contains closely related individuals to simulate the genome edits that
come from the introgression of genes from closely related species. We tested LOCO
under 10x coverage, simulating levels of poor-quality data. To recreate
second-generation GMOs modifications and have control over the genetic

modifications, we copied genome segments from a donor individual to other genotypes.

METHODS

Sample selection

The selected dataset comes from the “3000 Rice Genome Project” (The 3, 2014). From
this dataset, we subsampled 55 individuals from the "Japonica" variety group,
representing two distinct populations: 45 samples of Japonica individuals from

Indonesia and 10 samples of Japonica individuals from Japan.

Data processing
The raw sequencing data was obtained from the European Nucleotide Archive (ENA) at

EMBL-EBI using SRA Toolkit and the fastq-dump tool. The Oryza indica genome
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consists of 427 million base pairs across 12 chromosomes, and sequencing reads were
83 base pairs long. We divided the genome length by the sequencing read length to
obtain the total number of reads required to achieve 10x coverage (n = 51,445,780
reads). We then used the fastg-dump tool to extract paired-end reads, limiting output to
the required coverage levels. We downloaded the reference genome for O. sativa
japonica (IRGSP-1.0) from Ensembl and indexed it using BWA (H. Li, 2013). Reads
were aligned to Chromosome 1 using BWA-MEM (H. Li, 2013). The resulting SAM files
were converted to BAM format, sorted, and indexed using SAMtools (H. Li et al., 2009).
Duplicate reads were identified and marked using GATK MarkDuplicates (McKenna et
al., 2010). To call genotype likelihoods and produce BEAGLE format output, we utilised
ANGSD (Korneliussen et al., 2014). Genotype likelihood estimation was conducted
using the following parameters: GL 1, doGlf 2, doMajorMinor 1, doMaf 1, SNP_pval
1e-6, minMaf 0.05, minQ 20, and minMapQ 30.

Simulation of second-generation GMOs-like

We processed the BEAGLE file generated during data processing to simulate
second-generation GMO-like modifications. The analysis was restricted to loci between
positions 3,901,986 and 8,243,925 on chromosome 1, corresponding to a subset of
4000 SNPs. We selected a subset of Japonica individuals from Japan: Individual 50, 51,
52, 53, 54, corresponding to ERS468422, ERS468423, ERS468424, ERS468425,
ERS468426 respectively. Their genotype likelihoods were duplicated to create five
additional individuals: Individual 55, 56, 57, 58, and 59. Artificial introgression was
introduced by modifying the SNPs calleds of the duplicated Japonica individuals with
donor segments from Individual O, originating from Indonesia. We simulated two
introgression events: one introgression of 100 SNP from SNP index 500 to 600 (as
ordered on the chromosome) and a smaller introgression of 50 SNPs at SNP indices
500 to 550.
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Implementation of LOCO for detecting second-generation GMOs-like

The low-depth copy model (LOCO) was run to detect introgression-like events in the
Japonica subset that included the second-generation GMOs-like. The initialised
parameters for running LOCO were: number of haplotypes per population 2, 2;
maximum number of iterations 100; and minimum log-likelihood convergence threshold
of 0.0001. The output of LOCO was a file with the state probabilities over all combined

states for each individual and each locus.

Extraction of the population of origin

We retrieved ancestry calls from the posterior distribution over all combined hidden
states in order to obtain the population of origin. A diploid configuration of two
haplotypes, denoted as (p1,p_tilde1,n1)x(p2,p_tilde2,n2), is represented by each state.
In order to determine the true ancestral source, we marginalized the posterior
distribution by focusing on the p1 and p2 components of each state, which represent the
real population from which haplotypes 1 and 2 were inherited. To determine the diploid
ancestry calls, we listed all possible single-haplotype states based on the number of
populations and haplotypes per population. We next constructed a
population-by-population matrix using the posterior probabilities for each individual and
each locus. Each entry (i,j) in this matrix indicates the overall likelihood that haplotypes
1 and 2 originated from populations i and j, respectively. This gave us the diploid
ancestry call, for example, for two populations: P1/P1, P1/P2, or P2/P2 for every

individual at each locus.
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RESULTS

Detection of a 100-loci Introgression in Second-generation GMO-like

Genomes

To evaluate the ability of the LOCO to detect artificially introduced genome modifications
mimicking second-generation GMOs, we simulated a longer introgression event
consisting of 100 SNP loci (SNP index 500—600). This introgression was introduced into
five Japonica individuals (Individual 55 to Individual 59) by copying a chromosomal
segment from an Indonesian donor Individual 0. After running LOCO with this data the
ancestry of each individual at each locus was represented by one of three possible
diploid ancestry states: P1/P1 (homozygous), P1/P2(heterozygous), or P2/P2
(homozygous), which correspond to the combinations of haplotypes inherited from two
ancestral populations as we inputed to LOCO (Figure 1). To assess LOCO’s
performance, we compared the inferred diploid ancestry of each second-generation
GMO-like individual against the ancestry of the donor. Individual 56 showed the highest
match, with 86 out of 100 loci correctly inferred. This was followed by Individual 55 with

65 matches. In contrast, Individuals 57 to 59 have only 10 matching loci each.
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Figure 1. Detecting Introgression in Second-generation GMO-like Genomes. (A) Each
row represents an individual, and each column represents an SNP lindex (total of 4,000
SNPs). The color indicates the inferred diploid ancestry state at each locus: P1/P1,
P1/P2, or P2/P2. Individuals 55-59 were modified to simulate a 100-loci introgression
from donor Individual 0 by copying a chromosomal segment from SNP index 500 to
600. Individuals 50-54 are unmodified Japonica controls. The vertical dashed lines
mark the introgressed region. (B) Close-up of the region SNP indices 400 to 700 from

Figure (A), focusing on the simulated introgression.

Detection of a 50-loci Introgression in Second-generation GMO-like

Genomes

To further evaluate the sensitivity of LOCO to detect smaller-scale genome edits, we
simulated a shorter introgression event consisting of 50 SNP loci (SNP index 500-550).
As in the previous experiment, the introgressed segment was copied from an
Indonesian donor (Individual 0) into five Japonica individuals (Individuals 55 to 59). After
running LOCO on this dataset, diploid ancestry at each locus was inferred as one of
three possible states: P1/P1, P1/P2, or P2/P2, based on the two ancestral populations
input in the model (Figure 3). The inferred ancestry patterns for individual 56 have the
highest match with the donor, with 41 out of 50 loci. Individual 55 followed closely, with

37 matches. In contrast, Individuals 57 to 59 showed only 6 matching loci each.
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DISCUSSION

This study used the low-depth copy model (LOCO) to detect introgressed segments in
second-generation GMO-like genomes. Our primary goal was to determine whether our
LOCO approach could effectively recover a genomic segment copied from an
Indonesian donor (Individual 0) into Japonica individuals (Individuals 50-59). However,
in contrast to our previous simulations from the LOCO manuscript, the ancestry
inference in this study was inconsistent. Individuals 0 to 45 are coming from Indonesia
and Individuals 46 to 54 are coming from Japan. The model should have recognised
these as two separate ancestral populations, one representing the Indonesian group
and the other the Japanese group. However, LOCO misassigned the ancestry between
them instead of detecting a clear and distinct ancestry assignment for these two
populations. Individuals from Indonesia and Japan were indifferently assigned ancestry
P1/P1 and P2/2. We only utilised 4000 SNPs from chromosome 1, representing a
fraction of the whole genome. This subset of loci may not carry sufficient
population-specific signals to distinguish between geographically distinct populations
like Indonesians and Japanese. The limited data may constrain the model’'s ability to
differentiate the ancestry sources during parameter estimation. Studies from population
genetics support the concern that using a limited number of SNPs from a small genomic
region can lead to a misassignment of ancestry (Mizuno et al., 2021; Turakulov &
Easteal, 2003). To identify broad population structure, Turakulov and Easteal showed
that a minimum of 65 randomly chosen SNP loci are needed (Turakulov & Easteal,
2003). Increasing the number to more than 100 SNP increases the likelihood of
correctly assigning individuals to their corresponding population groups, even with
simple clustering techniques. Their work emphasised that the power to detect
population structure depends heavily on the number and informativeness of the loci
analysed. Moreover, when distinguishing between closely related populations, like
Japanese versus other East Asians, more markers are required. Mizuno et al. showed
that distinguishing Japanese individuals from other East Asian populations (e.g.,
Chinese Dai, Han Chinese, Kinh Vietnamese) required approximately 3000 randomly

selected SNPs across the genome to achieve reliable separation using principal
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component analysis (Mizuno et al., 2021). Their results imply that subtle genetic
differences between geographically proximate populations may be undetectable without
a sufficient number of markers, even when using genome-wide data. In addition to the
limited genomic region of 4000 SNP, LOCO may converge to suboptimal local maxima
in the EM parameter space if the initialisation is not robust. In Chapter 2, we set the
initialisation very close to the true parameters (perturbed by 0.0001). However, the true
parameter values are unknown in practical applications, as in Chapter 3. The EM
algorithm may settle on a local maximum without a robust strategy, resulting in
inaccurate ancestry estimates. One solution is to perform multiple random initialisations,
running LOCO with its EM algorithm several times with different starting parameters and
then selecting the run with the highest log likelihood as the best solution. Wu and Zhou
studied a situation with two overlapping groups (Wu & Zhou, 2019). They found that by
starting the EM algorithm with random values and using a large enough dataset, the
algorithm will likely get very close to the best solution after about the square root of the
number of data points in iterations. Similarly, Daskalakis et al. demonstrated that as few
as ten EM iterations can suffice for mixtures of two Gaussians when multiple random
initialisations are employed, thereby supporting the strategy of using multiple random
restarts to improve convergence to the global maximum in EM-based models
(Daskalakis et al., 2017). These studies support the idea that using multiple random
starting points in the EM algorithm can help it find the best possible solutions, even in

complex situations.

Because the ancestry inference itself is inaccurately estimated, the detection of the
introgressed segment is ambiguous. For instance, an individual that should be
predominantly a PX/PX coming from Indonesian (Individual 0) but becomes
misassigned to a PY/PY Japanese ancestry will diminish the model’s ability to highlight
the copied segment as exogenous in a recipient genome. Even if LOCO flags a putative
introgressed region, any mismatch in the ancestry states can confound the
interpretation, raising the question of whether the signal truly represents an
introgression or is simply a misassigned region caused by convergence to a suboptimal
local maximum during EM optimisation. This uncertainty could result in false positives,

where erroneous signals are wrongly considered proof of introgression, and false
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negatives, when actual introgressed portions are not detected. Moreover, short
introgressions are particularly vulnerable to assignment errors. In Chapter 2, when we
simulated a 20-locus introgression, the model failed to detect the introgression. In a
slightly longer segment within the 25-50 loci range, the average matching percentage to
detect the correct ancestry fo the introgression was only 12.95%, when introgressions
spanned 50-75 loci, the matching percentage improved to an average of 60.29%, and
for segments between 75 and 100 loci, the average matching reached 93.38%. LOCO's
hidden Markov model depends on identifying changes in the recombination and
miscopying event pattern. For longer segments, these shifts are easier to identify
because there are more data points to support the change. On the other hand, in
shorter segments, the recombination signal is frequently too weak given fewer data
points, which makes it difficult for the model to distinguish between a real introgression
event and a simple data fluctuation. As a result, the model might interpret a short
introgressed segment as part of a contiguous block from a single ancestral source. This
phenomenon is not unique to LOCO; similar challenges have been observed in other
local ancestry models. For instance, Maples et al. demonstrated that window-based
discriminative methods like RFMix often produce switch errors at recombination
boundaries, while Guan reported that short ancestral tracts typically yield lower
inference accuracy due to a lack of distinguishing information (Guan, 2014; Maples et
al., 2013). Keilwagen et al. studied the detection of large-scale introgressions under
low-coverage sequencing data (Keilwagen et al.,, 2023). In their work, they took
genebank collections of wheat, aiming to identify known and previously uncharacterised
introgressions. They aligned each sample’s reads to a wheat reference and measured
coverage for each genomic region. Where a large block of reads mapped poorly
compared to the rest of the genome, they flagged a potential introgression. Their
findings demonstrated that many landraces and older cultivars carried substantial
non-wheat segments acquired through past hybridisation events. Importantly, they
showed that ultra-low coverage (ulcWGS) data (i.e., <0.5X) could be sufficient to reveal
major introgressions. Their focus was on interspecific introgression in wheat, but these
principles are also relevant to detecting second-generation GMO-like modifications in

other crops. Keilwagen et al. emphasised that detecting introgressions depends heavily
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on the size and distinctiveness of the inserted segments. By analogy, local ancestry
algorithms such as LOCO could likewise struggle with very short second-generation
GMO edits, yet they may succeed in uncovering more extensive genome edits.
Moreover, because they demonstrated introgression detection using ultra-low coverage
datasets (<0.5%), their work suggests that LOCO could operate effectively with
low-quality sequencing data, particularly for larger genome modifications. In Chapter 3,
we applied the LOCO model for detecting introgressed segments in second-generation
GMO-like genomes. While LOCO shows potential as a screening tool for small genomic
modifications in low-coverage data, further methodological improvements are essential

to ensure its reliability for practical applications in second-generation GMO detection
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GENERAL DISCUSSION

This thesis examined sequencing and computational methods, in order to identify
exogenous DNA specifically in genetically modified organisms (GMOs) and assign
ancestry in admixed genomes. In Chapter 1, we developed a microfluidics-based
multiplexed amplicon sequencing test for GMO detection. The results included
integrating ribosomal and chloroplast markers for species identification, creating and
applying 230 amplicons that target GM sequences across diverse crops, and identifying
GM sequences even at low concentrations. The study demonstrates how multiplexed
sequencing can be used as a high-throughput, scalable substitute for conventional
gPCR-based GMO detection methods. This approach can be beneficial in post-market
monitoring and regulatory compliance efforts. In Chapter 2, we developed a low-depth
copy model (LOCO), which is an ancestry inference algorithm designed to work without
predefined reference panels. Building upon Li & Stephens's copy model, LOCO
integrates a data-driven haplotype reconstruction strategy similar to that proposed in
STITCH. LOCO circumvents the dependency on curated reference panels by directly
modeling genotype likelihoods from low-depth sequencing data within a hidden Markov
model (HMM) framework. In Chapter 3, we apply an ancestry inference method for
screening second-generation GMO-like modifications as a proof-of-principle approach
with our low-depth copy model algorithm. Using a rice dataset, we simulated GMO-like
modifications through artificial introgressions of 100 SNP and 50 SNP segments.

The standard for detecting GMOs is quantitative PCR, which is labour-intensive.
Enhancing and growing detection techniques is essential, given the importance of GMO
detection efforts. Our study evaluated the feasibility of a microfluidics-based targeted
amplicon sequencing approach by designing a set of 230 amplicons covering 82 unique
GM events. Previous studies on multiplex GMO detection have relied on predefined
primer sets used in routine food and feed sample screening, based on certified GMO
reference materials (Scholtens et al. 2017, Arulandhu et al. 2018). The dependency on
a certified set of primers restricts the completeness of the GM event sequences to be
recovered because the certified primers do not recover the complete GM event. Our
study demonstrates that a de novo design of GM amplicons using publicly available

sequence information is feasible, and our results show that GM sequences can be
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detected in parallel using a microfluidics-based targeted amplicon sequencing strategy.
Our assay enables the simultaneous screening of hundreds of samples while allowing
for the inclusion of large sets of primers in a single amplification step. The sequence
information provides significantly greater certainty about the identity of an amplified
sequence in contrast with qPCR approaches that lack direct validation capabilities
under non-standard conditions. In the opposite targeted amplicon, sequencing is less
sensitive compared to gPCR. In our analyses, the detection of GM sequences at lower
concentrations will likely be poorly reproducible. This detection limitation can be partially
improved by increasing the overall sequencing coverage of the amplicons, as sensitivity
is at least partially correlated with sequencing depth. Our study demonstrates the
application of an amplicon sequencing assay in a microfluidics platform that treats
samples in parallelisation and the depth of NGS to detect GMOs. Our work fits into
efforts to standardise and propose a statistical framework for detecting GMOs (Willems
et al. 2016) based on the number of reads aligned per sample. Our workflow expands
the capabilities by precisely targeting many sequences of interest and allowing plant
species detection in a sample. With 230 designed amplicons corresponding to GM
events and additional primers for species-specific barcoding, our approach represents
an advancement in GMO detection. We demonstrated the assay robustness by
identifying ten known genetic modifications across crop species. It also showed the
potential for uncovering undocumented genetic events. The sequence information
provided by NGS offers a direct validation of the detected genetic material. This study's
successful identification of GMOs underlines the relevance of developing new screening
methods. Our analysis shows the relevance of amplicon sequencing, which can be
realistically implemented into GMO detection and efficiently analysed using a structured

bioinformatics pipeline.

The ancestry inference methods generally rely on pre-defined reference panels.
However, predefined reference panels are not always available in cases involving no
well-represented populations or ancient DNA (Maples et al., 2013; Price et al., 2009).
Our low-depth copy model uses a hidden Markov model framework to infer local
ancestry directly from genotype likelihoods without using reference panels. The results
indicate that the model can reconstruct diploid ancestry profiles across admixed

100


https://www.zotero.org/google-docs/?broken=hEYOIw

genomes. In a simulation test with 10 individuals and 1000 loci, we observed that
98.23% of the diploid ancestry calls inferred correctly matched the simulated values. In
another simulation with 20 individuals and 2000 loci, the matching percentage was
98.38%. Across multiple sample sizes and loci combinations, the correct diploid
ancestry matching calls ranged from 96.85% to 98.63%. To ensure that our parameters
converge to the global maximum, we did our inference tests using parameter values
close to the actual simulation values (within 0.0001). In real-world scenarios, the
parameters are unknown and must be initialised randomly. The problems arise when
the EM becomes stuck in local optima solutions. In the future, we plan to use alternative
initialisation methods to help find the global maximum solution (Kwedlo, 2015, You et
al., 2023). We can also ask the user to enter the global ancestry proportion parameters
for each individual and population as an alternative to help infer the parameters.
ADMIXTURE or STRUCTURE can obtain these parameters (Alexander et al., 2009;
Pritchard et al., 2000). Inputting the ancestry proportion parameters will help to reduce
the parameters to infer, and predicting fewer parameters will lower the chance of
suboptimal convergence. The initialisation of the parameters needs to be solved to be
able to apply the model to the real-world dataset.

Implementing LOCO to detect second-generation GMO-like modifications by ancestry
inference is a new solution for screening genome-edited organisms (GM-LOCO
framework). This framework is applicable when genetic material is exchanged between
individuals from the same species or closely related individuals. GM-LOCO provides an
alternative that does not rely on prior knowledge of the genetic edits. LOCO’s skill to
dynamically reconstruct reference panels makes it helpful in detecting subtle genomic
modifications without predefined reference datasets, which is needed for identifying
undocumented second-generation GMOs that conventional PCR-based approaches
that depend on prior knowledge of the sequence can not identify (Chhalliyil et al., 2020).
The outcomes of LOCO in the GM-LOCO framework are expected to detect segments
in the genomes that show ancestry that deviates from the expected population
background, potentially indicating genome modifications. The detection power of LOCO
is influenced by the size of the introgression and the population's genetic background.
Our current test was done in a dataset of 4000 SNPs. This subset of markers may not
capture enough population-specific signals to distinguish between closely related
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groups, such as Indonesians and Japanese rice cultivars. Studies in population genetics
have demonstrated that the resolution of population structure inference highly depends
on the number and the informativeness of the SNPs analysed (Turakulov & Easteal,
2003). Consequently, the limited SNP data in our experiments likely constrained the
model’s ability to differentiate ancestry sources during parameter estimation. Our study
artificially introduced second-generation GMO-like modifications by swapping
chromosomal segments between rice populations. The modifications were introduced at
a fixed position beyond the 100000 th locus to avoid highly variable regions at the
beginning of the chromosome. However, real-world modifications can occur anywhere in
the genome, including highly variable regions. Future investigations of LOCO should
asses sensitivity across different recombination landscapes. In our experiments for
detecting second-generation GMO-like ancestry, inference failed to produce reliable
results due to issues with parameter initialisation. Previously, we observed in the LOCO
simulations that when the EM algorithm was not initialised with parameters extremely
close to the true values, it converged to suboptimal local optima. In our real-world data,
however, the true parameters are unknown, making it impossible to initialise them
correctly and increasing the risk of suboptimal convergence. This initialisation problem
led to inaccurate assignment of ancestry, where individuals were expected to have a
predominant Indonesian or Japanese ancestry and were misclassified. Consequently,
the detection of introgressed segments was ambiguous. Such misassignments
compromise the model's ability to pinpoint genomic regions that deviate from the
expected ancestry background, potentially resulting in false positives and false
negatives detection in introgression segments. Overcoming the challenges associated
with robust parameter initialisation is critical for adapting the GM-LOCO framework for
real-world applications (Kwedlo, 2015; You et al., 2023). Assuming we can initialise the
parameters correctly using robust strategies, the GM-LOCO framework would still be
limited in detecting short genomic segments. Our previous simulations demonstrated
that LOCO reliably reconstructs broad diploid ancestry profiles and accurately detects
longer introgression segments (e.g., segments spanning 75-100 loci). However, the
model’s resolution for detecting short segments remains constrained. The underlying
reason is that very short segments often do not provide a sufficiently strong signal,
given the limited number of SNPs within such regions, to distinguish them from the
surrounding genomic background. This limitation has also been observed in other local
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ancestry methods (Guan, 2014; Maples et al., 2013). Second-generation GMOs
generally have small and targeted modifications, and the relevance of larger
introgression detection for second-generation GMOs is uncertain (Grohmann et al.,
2019; Kawall, 2019). To contextualise this within the current state of detection methods,
most existing approaches focus on detecting specific sequence alterations rather than
broader ancestry shifts (Fraiture et al., 2017; Chhalliyil et al., 2020). The ability of
GM-LOCO to detect small-scale modifications between closely related individuals
remains a key challenge. Our current analysis focused only on Japonica rice variety,
Japonica from Indonesia and Japonica from Japan with the introgressed segments
swapping between them. Due to the close genetic relationship between these
populations, smaller segment swaps may not alter ancestry patterns. GM-LOCO may
have the advantage of detecting genetic modifications between closely related
individuals. Still, its ability to detect small modifications could decrease when the
populations are too genetically similar. Future research should explore detection
between still-related populations, such as Japonica and Indica rice varieties, but with
more distinct genetic backgrounds. This could help assess the effectiveness of
GM-LOCO in identifying smaller modifications in scenarios where genetic differentiation
is bigger.

Future work should focus on refining the LOCO-GMO framework to better assess its
sensitivity and applicability in detecting small introgressions characteristic of
second-generation GMOs. First, LOCO must be able to correctly infer its parameters so
that the ancestry inference is trusted. Later, it should be able to be tested under
controlled artificial introgression conditions to determine in which conditions and what is
the minimal size LOCO can detect in real-world controlled data. We should explore
populations that are closely related but still have distinct ancestry patterns given
historical separation, such as Japonica and Indica rice varieties. Under these
conditions, we can test the performance of LOCO-GMO to detect small introgressions.
And better understand the context of the populations where LOCO can or can not detect
small introgressions. Once the conditions for detecting small modifications are
identified, the next step will be applying LOCO-GMO to real-world second-generation
GMOs. Doing that will require working with characterised datasets where individuals'

natural recombination patterns are known and gene editing modifications are
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documented. Having a real-world, second-generation GMOs data set that is
well-characterised can tell if LOCO would be able to distinguish between natural
recombination events and artificial modifications introduced by genome editing
techniques, validating LOCO-GMO on real-world samples with known genetic
modifications will determine its effectiveness as a robust screening tool for identifying
genome-edited organisms.
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