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The human genome as basis for complex diseases
The human genome, containing all the genetic information necessary for creating a 
human being, serves as a blueprint for an organisms’ development, function, and 
reproduction. It determines individual characteristics, such as physical traits and 
susceptibility to diseases. Therefore, understanding the genome and its intricacies 
is imperative for unravelling the molecular mechanisms underlying human health 
and disease. The landmark Human Genome Project, completed in the early 2000s, 
provided the first ever comprehensive map of the human genome (Lander et al. 
2001). Further advances have built upon this foundation, reaching greater resolution, 
and identifying critical elements that contribute to genetic diversity (Audano et al. 
2019; Chaisson, Wilson, and Eichler 2015). The recent achievement of telomere-
to-telomere sequencing represents the most complete view of the human genome 
(Nurk et al. 2022). It has uncovered previously inaccessible genomic regions, offering 
new insights into the complexity of genetic regulation and inheritance.

Genetic diseases arise from mutations in an individual’s DNA, affecting gene function 
and leading to a wide spectrum of inherited disorders. These mutations can range 
from single nucleotide changes to alterations in entire genes or chromosomes. 
Genetic diseases can be classified into three broad categories: single-gene 
disorders, chromosomal disorders, and complex disorders. Single-gene disorders, 
also known as Mendelian diseases, result from mutations in a single gene, which 
causes a defect within the cell, and follow clear inheritance patterns. Chromosomal 
disorders, on the other hand, arise from abnormalities in chromosome number or 
structure, such as Down syndrome, which is caused by the presence of an extra 
copy of chromosome 21. Finally, complex disorders involve interactions between 
multiple genetic and environmental factors, making their inheritance patterns more 
complex. Alzheimer’s disease (AD) is a prime example of a complex disorder with 
a strong genetic component. While ageing remains the greatest risk factor, genetic 
predisposition plays a crucial role in determining susceptibility. The presence of 
certain genetic variants significantly influences disease risk, while ongoing research 
continues to uncover additional genetic regions contributing to its pathology. Despite 
these insights, the precise etiology of AD remains largely unknown, posing a major 
challenge for the development of effective treatments. Therefore, understanding the 
genetic factors at play is critical to unraveling the disease’s molecular underpinnings, 
which could pave the way for early intervention therapies.

Alzheimer’s disease clinical manifestation and pathology
In 1906, Alois Alzheimer identified Alzheimer’s disease, a neurodegenerative 
disorder that has since emerged as a major focus of medical research. Alzheimer 
described the strange case of a 51-year-old woman with unusual brain pathologies 
(Stelzmann, Norman Schnitzlein, and Reed Murtagh 1995). Initially viewed as a rare, 
presenile dementia, it was gradually recognized as the leading cause of dementia 
in the elderly population worldwide. Clinically, AD is characterised by progressive 
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memory impairment, cognitive decline, and behavioural changes, ultimately 
affecting the patient’s daily life. The loss of independence in advanced stages also 
burdens family members and healthcare systems around the world.

The pathological hallmarks of AD include the extracellular deposition of amyloid-β 
(Aβ) plaques, and the presence of intracellular neurofibrillary tangles composed of 
phosphorylated tau protein (Busche and Hyman 2020) (Figure 1A). Discovered in the 
80s, Aβ is formed with the cleavage of the transmembrane amyloid precursor protein 
(APP) (Glenner and Wong 1984; Selkoe 2008) (Figure 1B). First, part of the extracellular 
domain of APP is cleaved into the extracellular space. Then, γ-secretase, of which 
presenilin-1 (PSEN1) and -2 (PSEN2) are components, mediates the cleavage of 
APP in its transmembrane domain, producing soluble Aβ peptides. The propensity 
for Aβ oligomerization is dependent on the cleavage site. It occurs after amino acids 
38, 40 or 42, but the Aβ42 peptide has the strongest tendency to oligomerize (L. Liu 
et al. 2019). It is currently believed that the increased production and/or reduced 
clearance of Aβ leads to toxic accumulation of Aβ protein aggregates, which in turn 
triggers a cascade of events leading to neuronal dysfunction and cell death – the 
amyloid hypothesis (Haass and Selkoe 2007; Selkoe and Hardy 2016). Furthermore, 
Aβ induces the spread of tau pathology, a microtubule-associated protein (Busche 
and Hyman 2020) (Figure 1B). Tau functions as a stabiliser of microtubules, by 
binding during the polymerization of tubulin. This process is regulated by the 
phosphorylation of tau, which in pathological conditions can be abnormally high, 
leading to microtubules breakdown and overall cytoskeleton disorganisation. The 
hyperphosphorylated tau will form aggregates in the cytoplasm, contributing to cell 
toxicity and eventual cell death (Gu and Liu 2020). These two molecules, Aβ and 
tau, are currently viewed as pathogenic contributors to neuronal dysfunction and 
synapse loss in AD, causing the characteristic brain atrophy observed in advanced 
stages.

The third key component of AD pathology is neuroinflammation, triggered by the 
accumulation of Aβ plaques and neurofibrillary tangles in the brain (Zotova et 
al. 2010). Initially, microglial cells, the major resident immune cells in the central 
nervous system, are in a resting phase (Figure 1A). Aβ can trigger the transition of 
microglia to an activated state, which involves morphologic changes, migration, and 
phagocytosis of the pathogen (Davalos et al. 2005). Clearance of Aβ by microglia 
is extremely important to prevent pathology, playing an initial neuroprotective role. 
However, persistent microglial activation can have pathogenic effects as well, 
shifting the actions of microglia from protective to harmful (Das Sarma 2014). In 
such cases, the exacerbation of inflammation becomes chronic, contributing to the 
progression of AD (Kinney et al. 2018).

Age is the primary risk factor for AD. Consequently, as the global population ages, 
the prevalence of AD is expected to rise, with estimates that the number of cases 
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 iFigure 1: Pathological hallmarks of Alzheimer’s disease. A, The brain of an AD patient 
presents with atrophy and enlarged ventricles. Molecularly, pathology includes extracellular 
amyloid-β plaques and intracellular neurofibrillary tangles. This causes chronic activation of 
microglial cells and neuronal cell death. B, The amyloid-β pathway involves the processing 
of APP by β- and γ-secretases. Cleavage by γ-secretase leads to the formation of amyloid-β 
peptides with a tendency to oligomerize, eventually resulting in amyloid-β plaques. In 
parallel, tau protein becomes hyperphosphorylated, which induces continuous aggregation 
of hyperphosphorylated tau, destabilising the neuron cytoskeleton and contributing to cell 
toxicity. Created with BioRender.com.
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will triple by 2050 (https://www.alzint.org/resource/numbers-of-people-with-
dementia-worldwide/). Current efforts focus predominantly on disease-modifying 
therapies that aim to slow the progression of disease by targeting amyloid pathology 
specifically. Examples include FDA-approved treatments like Aducanumab (Ali, 
Gupta, and Chawla 2022) and Lecanemab (van Dyck et al. 2023) in the United 
States, as well as Donanemab, which recently demonstrated promising cognitive 
benefits and is under regulatory review in Europe (Song et al. 2024). These therapies 
underscore the importance of early detection and intervention in AD, as their efficacy 
is most pronounced in the early stages of the disease. Currently, 164 clinical trials 
are underway, testing 127 drugs, with 48 trials in Phase 3 (Cummings et al. 2024), 
crucial for regulatory approvals. Despite this progress, significant challenges persist, 
including the modest efficacy of current treatments and the limited focus on tau 
and other non-amyloid pathways. The greatest obstacle, however, lies in treating 
the disease once symptoms are manifested, as neurodegeneration and molecular 
pathologies are already well underway by this point. This underscores the urgent 
need for improved methods to predict disease risk at an earlier age, enabling earlier 
detection of AD which opens up possibilities to start intervening therapies before 
the onset of clinical symptoms. Since genetic factors are believed to substantially 
influence the susceptibility and age of onset of AD, understanding these factors 
offers a pathway toward preventative therapies and personalized approaches to 
halt disease progression.
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The genetics of Alzheimer’s disease and missing heritability
AD can be divided into early-onset (EOAD) and late-onset (LOAD) based on the 
relative age of onset of molecular pathology and symptoms. EOAD, typically 
presents before the age of 65 and only accounts for 10% of all AD cases, leading 
to a more rapid disease progression as it directly affects the amyloid pathway 
(Andrade-Guerrero et al. 2023; Cacace, Sleegers, and Van Broeckhoven 2016). 
EOAD is almost entirely driven by genetic factors, and a small fraction of cases 
show an autosomal dominant inheritance due to mutations in APP, PSEN1, and 
PSEN2 (Andrade-Guerrero et al. 2023; Cacace, Sleegers, and Van Broeckhoven 
2016; Wingo et al. 2012). In contrast, LOAD, accounting for the majority of cases, 
manifests after the age of 65. The heritability of LOAD is estimated to be between 
60-80% (Gatz et al. 2006) and a great number of genetic variants (i.e. haplotypes) 
have been identified that are associated with an increased risk for AD (Bellenguez 
et al. 2022). The most consistent of them is the ε4 risk allele of apolipoprotein E 
(APOE) which has been associated with an estimated 3-4 times increased risk 
(Jansen et al. 2019). At present, 80 haplotypes are known to have an association 
with LOAD. Importantly, the presence of any particular AD-associated haplotype is 
not predicting that an individual will develop AD, but it merely increases the chance 
of that individual to develop AD in his/her lifetime compared to an individual that 
does not have the AD-associated haplotype. The different combination of alleles 
across these loci contribute to the genetic complexity and individual variability 
observed in LOAD cases. Therefore, the late-onset form is characterised by a more 
gradual progression and a higher degree of heterogeneity in clinical presentations, 
complicating both diagnosis and treatment.

Research methodologies to study AD have evolved in parallel with advances in 
technology and molecular biology. Particularly the field of genetics has revolutionised 
AD research, beginning with linkage analysis in familial cases of EOAD, leading 
to the identification of causative mutations (Pericak-Vance et al. 1991). This was 
followed by genome-wide association studies (GWAS), which have been invaluable 
for identifying genetic loci that contribute to disease susceptibility in LOAD (Bertram 
et al. 2007; J.-C. Lambert et al. 2013; Seshadri et al. 2010). These studies rely 
on high-throughput genotyping technologies, such as microarrays or short-read 
sequencing, to analyse hundreds of thousands to millions of SNPs across large 
case-control cohorts (Bush and Moore 2012). The first major discovery came 
with the identification of the APOE-ε4 as a significant risk factor, a finding initially 
identified through candidate gene studies (Strittmatter et al. 1993) but later robustly 
confirmed and contextualized by GWAS (Jansen et al. 2019; J.-C. Lambert et al. 
2009). GWAS typically identify common variants with small effect sizes which require 
large sample sizes to achieve statistical significance (Bush and Moore 2012). This 
need for large-scale data has driven a steady increase in the size of GWAS cohorts 
over time, with recent studies often including tens of thousands of participants. 
These efforts have made it possible to identify the genetic loci of CD33, CLU, 
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CR1 and PICALM as associated to AD (Bertram et al. 2008; Harold et al. 2009; 
J.-C. Lambert et al. 2009). Soon after, to address the demand for larger datasets, 
meta-GWAS analyses have aggregated data from multiple studies and biobanks, 
dramatically increasing sample sizes and identifying loci such as BIN1 (Seshadri et 
al. 2010); ABCA7, MS4A4A, EPHA1, CD33 and CD2AP (Hollingworth et al. 2011); 
INPP5D, HLA, TREM2, PILRA, PTK2B, FERMT2, RIN3/SLC24A4 and CASS4 (J.-
C. Lambert et al. 2013); MAPT/KANSL1 (Jun et al. 2016); and PLCG2, ABI3, and 
TREM2 (Sims et al. 2017). Finally, methods like AD-by-proxy have been employed, 
where individuals without a direct diagnosis of AD but with a family history of the 
disease are included in the analysis. This approach has not only replicated known 
associations but also uncovered many novel loci (Bellenguez et al. 2022; Jansen et 
al. 2019; de Rojas et al. 2021; Schwartzentruber et al. 2021), significantly advancing 
our understanding of the genetic architecture of AD. 

Despite substantial progress in identifying genetic risk factors for AD, a significant 
fraction of its genetic contribution remains unaccounted for. This challenge is 
referred to as the problem of missing heritability, which suggests that currently 
known genetic variants account for only a fraction of the disease’s genetic 
predisposition (Ridge et al. 2013). One contributor to missing heritability is the 
inability of GWAS to detect rare variants, as it primarily detects common variants. 
Rare variants often have larger effect sizes than common variants but are not well-
captured by standard GWAS platforms due to their low frequency in the population 
(Bush and Moore 2012). In addition, another potential contributor to the missing 
heritability problem may not be a single nucleotide change, but rather larger genetic 
variations of repetitive DNA. Tandem repeats (TRs) and transposable elements (TEs) 
are particularly relevant, as they are highly polymorphic and are a frequent source 
of inter-individual genetic variability. However, these elements have been largely 
overlooked in past GWAS due to technical limitations in short-read sequencing, 
which struggles to accurately resolve repetitive sequences. Therefore, structural 
variations of repetitive DNA may be hidden in regions associated with AD where the 
association to disease is not yet explained, i.e. SNPs are non-coding and thus not 
predicted to have any functional outcome. Here, the actual causal genetic variant 
is present within a region of high linkage disequilibrium (LD), a phenomenon where 
variants in close genomic proximity are inherited together. In these cases, the non-
coding SNP serve only a flag for the disorder-associated genetic locus (Edwards et 
al. 2013). Therefore, investigating the role of repetitive DNA may uncover previously 
hidden genetic risk factors, helping to explain the missing heritability problem in AD.

Towards identifying causal genetic factors: focussing on repetitive DNA
Of 3 billion base-pairs of DNA that are together forming the human genome, only 
1.5% is coding (Figure 2A). The remaining 98,5% of non-coding DNA, previously 
termed as “junk” DNA, is increasingly being recognized as a crucial component of 
the human genome (Lander et al. 2001). The majority of non-coding DNA is made 
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up of repetitive DNA sequences, which can have significant implications for genetic 
stability, inter-individual differences in gene expression, and disease susceptibility. 
Repetitive DNA can be classified into two main types based on their genomic 
organisation: tandem repeats, which include short sequences repeated in tandem 
next to each other; and transposable elements, or interspersed repeats, which are 
dispersed throughout the genome.

TRs are categorised by the length of their repeat unit (or motif). Short tandem repeats 
(STRs), or microsatellites, with units of 2 to 6 base pairs (bp) and variable number 
tandem repeats (VNTRs), or minisatellites, with motifs larger than 7 bp (Bakhtiari 
et al. 2021). TRs tend to be unstable in their number of units because of their 
repetitive nature (Figure 2B), which increases their susceptibility to length variations 
caused by unequal recombination or slippage events during DNA replication and/
or transcription (Richard and Pâques 2000). Therefore, TRs significantly contribute 
to the genetic diversity in the human population.TEs constitute almost half of 
the human genome and have played a major role in its evolution (Deininger et al. 
2003; Lander et al. 2001). TEs are remnants of ancient retroviruses which have 
retained the capability to multiply their DNA-sequences throughout the genome. 
They can be divided into two classes based on their mechanism (Figure 2C). Class 
1 are retrotransposons, which mobilise via an RNA intermediate in a copy-and-
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Figure 2: Repetitive DNA in the human genome. A, The main components of the human 
genome are coding DNA, introns and regulatory sequences, unique noncoding DNA, 
tandem repeats and transposable elements. B, Tandem repeats are composed of units 
repeated in tandem a number of times that are prone to expand. C, Transposable elements 
originate from viral DNA and are dispersed throughout the genome. These contain class 1 
(retrotransposons) and class 2 elements (DNA transposons). Showing the structure of three 
non-LTR retrotransposons that are currently still active in the human genome: L1, Alu and 
SVA. Created with BioRender.com.
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Figure 3: Influence mechanisms of tandem repeats and transposable elements on gene 
expression. A, TRs at the promoter sites regulate gene transcription through transcription 
factor binding and epigenetic modifications. Increasing lengths of tandem repeats may 
induce hypermethylation of the promoter region, silencing gene expression. B, TRs located 
within genes can influence transcription by inducing alternative splicing. C,D, Transposable 
elements have been co-opted into regulatory networks, functioning as enhancers or silencers 
(C), and as novel promoter sequences (D). Created with BioRender.com.

paste mechanism, whilst class 2 are DNA transposons, which use a cut-and-paste 
mechanism (Wicker et al. 2007). However, most of the TEs have lost their capability 
of moving throughout the genome, mostly due to accumulating mutations over 
evolutionary time. The only three families of TEs that remain actively mobile in 
the human genome are L1, Alu and SVA (Batzer et al. 1991; Kazazian et al. 1988; 
Ostertag et al. 2003) (Figure 2C, Class 1 repeats). These elements can integrate 
anywhere in the genome, resulting in insertional polymorphisms, i.e. are either 
present or absent in individuals. In parallel to insertional polymorphisms, TEs that 
are fixed in the human population, i.e. present in all individuals, can also contain 
structural variations, resulting in a rich source of inter-individual genetic variation.

Both TRs and TEs have had a profound impact on the regulatory landscape of the 
human genome. TRs play a key role in regulating gene expression. In promoters, TRs 
can modulate transcription by affecting transcription factor binding and epigenetic 
modifications, such as DNA methylation (Figure 3A). Within genes, intronic TRs 
can influence alternative splicing, leading to the production of diverse transcript 
isoforms that results in altered protein functions (Figure 3B). Additionally, TRs in 
untranslated regions (UTRs) contribute to messenger RNA (mRNA) stabilization, 
localization, and translation, allowing fine-tuned gene regulation. The inherent 
variable nature of TRs enables them to act as dynamic modulators to fine-tune gene 
expression, contributing to a rapid species adaptation and evolution (Gemayel et 
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al. 2010; Sulovari et al. 2019). Similarly, TEs contribute to gene regulation by acting 
as mobile regulatory elements. Many TEs harbour transcription factor binding 
sites and function as enhancers, silencers, or alternative promoters (Figure 3C,D). 
Through their insertional activity, TEs can alter regulatory networks, particularly in a 
tissue-specific manner, capacity which has been co-opted during primate evolution 
(Chuong, Elde, and Feschotte 2017; Cordaux and Batzer 2009; Pontis et al. 2019; 
Sundaram and Wysocka 2020; Trizzino, Kapusta, and Brown 2018). Overall, through 
structural variations, meaning changes in sequence length, these repetitive DNA 
elements become a rapidly modifiable platform of the regulatory landscape of the 
human genome.

Structural variation in TRs and TEs are frequently associated with 
human brain disorders
Accumulating evidence suggests that both TRs and TEs are genetic modulators 
which took an instrumental part in shaping human brain function and behaviour 
(Baillie et al. 2011; Fondon et al. 2008; Gianfrancesco, Bubb, and Quinn 2017; Larsen 
et al. 2018; Savage et al. 2013, 2014). For example, active retrotransposition of 
LINE-1 elements is known to occur in neuronal lineages during brain development, 
causing somatic mosaicism within brain regions (Coufal et al. 2009; Muotri et al. 
2005), especially in the hippocampus (Coufal et al. 2009). It was shown that these 
elements integrate in regions of protein-coding genes active in the brain, associated 
with neurogenesis and synaptic function (Baillie et al. 2011). VNTRs as well, were 
found to be predominantly located in genes highly expressed in the brain (Linthorst 
et al. 2020). However, despite these positive contributions, TRs and TEs also 
present challenges as they are implicated in various neurological and psychiatric 
disorders (Ahmadi et al. 2020; Chintalaphani et al. 2021). TRs are the cause of 
more than 40 neurological diseases, caused by altered repeat lengths that extend 
beyond a certain threshold, disrupting gene expression (Chintalaphani et al. 2021). 
An example of these is the “GGGGCC” TR located in the 5’-UTR of C9orf72 gene, 
associated with frontotemporal dementia and amyotrophic lateral sclerosis. The 
TR expansion results in toxic RNA gain-of-function, which forms nuclear RNA foci, 
and repeat-associated non-AUG (RAN) translation, causing intranuclear neuronal 
inclusions in the cerebellum, hippocampus and cortex (Gendron and Petrucelli 
2018). Moreover, a VNTR in ABCA7 gene is associated with LOAD. With a repeat 
unit of 25 bp, it can expand over 10,000 bp in length, causing alternative splicing, 
leading to dysfunctional proteins (De Roeck et al. 2018). 

TEs have also been implicated in various neurodegenerative disorders (Larsen et 
al. 2017; Wanhe Li et al. 2012; Ravel-Godreuil et al. 2021; Thomas et al. 2020), and 
specifically with AD (Evering et al. 2023). For instance, the expression of Human 
Endogenous Retrovirus (HERV), a retrotransposon, is significantly associated with 
multiple sclerosis (MS) (Morandi et al. 2017). Particularly TEs from the HERV-W 
retrovirus family, associated with increased risk of MS, expression levels of which 
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are linked with the severity of the disorder (García-Montojo et al. 2014). TEs from 
the HERV-K family was shown to be elevated in brains of patients with amyotrophic 
lateral sclerosis (ALS) (Douville et al. 2011; Wenxue Li et al. 2015), frontotemporal 
dementia (FTD) (Phan et al. 2021) and AD (Dembny et al. 2020). Furthermore, most 
elements belonging to the HERV-K family, although not exclusively, were differentially 
expressed in AD patients and were correlated with the expression of AD-associated 
genes (Dawson et al. 2023). It is thought that the increased levels of HERV-K leads 
to neurotoxicity through the production of envelope glycoproteins that trigger 
inflammatory responses (Wenxue Li et al. 2015). Finally, Alu elements, another class 
of retrotransposons, have been associated with AD by inducing genetic deletions 
or aberrant transcription of TOMM40, which plays a role in mitochondrial function 
(Larsen et al. 2017). Here, the authors further propose the Alu neurodegeneration 
hypothesis, in which Alu elements present in mitochondrial genes may cause an 
imbalance of mitochondria homeostasis in neuronal cells, ultimately resulting in cell 
death.

TRs and TEs have long been recognized as major contributors to human brain 
evolution and function, influencing neuronal development and connectivity. These 
repetitive DNA elements are particularly enriched in genes closely associated with 
neuronal processes, meaning that any changes in their size, whether expansions or 
contractions, can profoundly impact gene regulation. Such alterations may disrupt 
the finely tuned regulatory mechanisms governing brain function, potentially leading 
to disease. This delicate balance underscores the importance of studying structural 
variations in repetitive DNA, not only the element itself but rather the inter-individual 
genetic variability arising from these elements, as they may also be central to the 
genetic mechanisms driving AD and other neurodegenerative disorders.

Linking age with increased influence of TRs and TEs on their genomic 
environment
TEs are typically silenced in healthy cells by mechanisms such as transcriptional 
repression and RNA degradation. However, as we age the normal epigenetic controls 
over these elements weaken, unleashing their full regulatory potential that grows 
more pronounced over time (Wanhe Li et al. 2013; Yushkova and Moskalev 2023). 
Given that age is the main risk factor for neurodegenerative disorders, the epigenetic 
state of TRs and TEs are also tightly correlated to age-associated neurodegenerative 
disorders (Ahmadi et al. 2020; Larsen et al. 2017; Thomas et al. 2020). Not only 
through age-related epigenetic changes that activate TEs, but also the dysfunction 
of regulatory proteins like TDP-43 and tau can lead to TE activation. TDP-43 is an 
RNA-binding protein that plays a significant role in the suppression of TE-derived 
transcripts, preventing their activation. In certain cases of neurodegenerative 
disorders, including AD, loss of TDP-43 leads to overexpression of TE-derived 
transcripts, suggesting that lack of TE control contributes to disease pathology 
(Wanhe Li et al. 2012). Similarly, tau protein has been implicated in TE activation 
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through remodelling of chromatin in AD (Guo et al. 2018). The cumulative effect 
of tau and TDP-43 proteins appear to be critical in maintaining genomic integrity 
from TE activation. Age-related epigenetic changes, including DNA methylation and 
histone modifications, further exacerbate this vulnerability by creating a permissive 
environment for TE activation. Their activity, in turn, causes DNA damage, cellular 
stress and inflammation, all of which are hallmarks of neurodegenerative disorders 
(Ravel-Godreuil et al. 2021; Thomas et al. 2020). Ultimately, the progressive 
exposure of the latent gene-regulatory potential of the repetitive DNA elements 
in our genome upon ageing may cause an increasingly severe imbalance in brain 
homeostasis, culminating in cellular toxicity, impairment, and cell death. Given that 
this gene-regulatory potential may vary according to the structural variation of the 
repetitive DNA element, understanding the full extent of variability of these elements 
is, therefore, essential in the context of a rapidly ageing population.

New technical advances allow for more comprehensive identification 
of AD- associated genetic variants 
Only in recent years has the complete picture of structural variation of repetitive 
DNA come to light. This is due to the highly repetitive nature and the large size of 
some of these elements, especially VNTRs, as these can reach 10 kb. In the 80s, 
Southern blotting was the primary method for VNTR genotyping (Jeffreys, Wilson, 
and Thein 1985), but it was a labour-intensive and time-consuming method, also 
lacking precision for complex repeat structures. Genotyping then became more 
efficient with the polymerase chain reaction (PCR) (Saiki et al. 1985), although it still 
had limitations in accurately characterising extensive or highly repetitive VNTRs. In 
the early 2000s, the development of next-generation sequencing (NGS) provided a 
higher throughput, but their short read length of ~150 bp often does not span the 
full VNTR (Chaisson, Wilson, and Eichler 2015; Mardis 2013). It was only with the 
development of long-read sequencing technologies in the 2010s and 2020s that 
generate reads spanning 10-100 Kb and precisely sequence the entire spectrum 
of genetic variations, including complex TRs and TEs is achievable (Audano et al. 
2019; Auton et al. 2015; Chaisson, Wilson, and Eichler 2015; Ebert et al. 2021; 
Ewing et al. 2020; Linthorst et al. 2020). This breakthrough is invaluable for complex 
diseases, as it offers an unprecedented view of the genome’s most challenging and 
variable genetic regions.

Genetic association studies, particularly for AD, have continued to rely on NGS 
technologies, such as whole-genome and whole-exome sequencing. These 
techniques have provided unprecedented insights into the genetic landscape 
of AD, revealing rare variants and new risk genes (Bis et al. 2020; Holstege et 
al. 2022; Prokopenko et al. 2021). However, despite these advances, NGS has 
limitations in resolving repetitive and structurally complex regions of the genome, 
which may potentially contribute to the missing heritability of AD. The use of 
long-read sequencing offers a unique opportunity in this context, as it provides a 
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comprehensive view of each genetic locus, including variations in repetitive DNA 
(De Roeck et al. 2018; Salazar et al. 2023). Insights that might hold the key to fully 
unravelling the genetic architecture of Alzheimer’s disease, bridging gaps in our 
understanding of its heritability and shedding light on novel therapeutic targets.

Summary of experimental chapters 
In this thesis we explore the role of repetitive DNA in the genetic architecture of 
Alzheimer’s disease, focusing on how structural variations in TRs and TEs may 
contribute to disease susceptibility. While GWAS have identified numerous risk loci 
for AD, a significant portion of its heritability remains unexplained. We aim to uncover 
hidden genetic variations within AD-associated regions and assess their potential 
gene-regulatory functions by integrating genetic, epigenetic, and transcriptomic 
analyses. Through this work, we hope to provide novel insights into the genetic 
basis of AD.

In chapter 1 we begin with a comprehensive overview of AD-associated loci, 
considering structural variants of repetitive DNA present in each locus. Using a 
published GWAS we performed a fine-mapping analysis and identified 29 genomic 
risk loci (GRL) associated with AD. Within the boundaries of the GRL, we integrated 
a dataset of structural variants and found 202 variants in 16 GRL. Notably, we 
observed that clusters of intergenic GWAS-identified SNPs surround structurally 
variable SVAs (SV-SVAs), thus we prioritise these loci for further functional analysis. 

Chapter 2 explores structural variation in TEs shown to be active in a neuronal 
environment, and their association with neurological disorders. We used published 
long-read sequencing and PCR analysis to uncover the high level of structural 
variation of SVA elements throughout the human genome. Given that a substantial 
number of SV-SVA reside in loci associated with neurological disorders, we 
investigated the functional impact of these elements in 3 loci, BIN1 and CD2AP, 
associated with Alzheimer’s, and BCKDK, associated with Parkinson’s disease. 
Genetic deletions of the SV-SVAs were engineered in human embryonic stem cells 
using CRISPR-Cas9 system and generated cortical organoids to provide a neuronal 
environment. Epigenetic marks were altered upon BCKDK SV-SVA deletion, in 
genes nearby the deletion site, and transcriptomic analysis revealed differential 
expression of FUS, 75 kb way. No epigenetic or transcriptomic changes were seen 
in BIN1-SVA KO. As for the intronic CD2AP-SVA, RNA CaptureSeq was performed, 
revealing reduced expression levels for all CD2AP exons downstream of the SVA 
insertion site. Taking together, our findings unravel a new layer of hidden genetic 
variation important to consider for risk of complex diseases.

In chapter 3 we continue the work described in chapter 1, by providing a functional 
assessment of two SV-SVAs present in or upstream the AD-associated genes 
PSEN1 and PICALM, respectively. Here, we use the same method as described 
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in chapter 2: generated SV-SVA KO cortical organoids and performed RNA 
CaptureSeq for a high resolution of the loci transcriptome. There was no evidence 
of a regulatory effect by the SV-SVA in PICALM gene in the context of a neuronal 
environment. However, upon deletion of the intronic SV-SVA in PSEN1, preliminary 
findings revealed elevated expression levels of transcripts associated with nonsense 
mediated decay. 

In chapter 4 we dive into a genetic association study to identify VNTRs associated 
with AD risk. We use a short-read sequencing dataset from the ADSP cohort to 
detect VNTRs whose length is either increased or decreased in most of the AD cases 
or in a subset, compared to controls. We discovered 52 VNTRs with a suggestive 
association to disease, of which 5 were replicated in an independent long-read 
sequencing dataset consisting of AD cases and cognitively healthy centenarians. 
We highlight the most promising AD-associated VNTR located in a regulatory 
element within the RTEL1 gene, in the promoter region of TNFRSF6B and in the 
fusion transcript RTEL1-TNFRSF6B. RTEL1 is an ageing-related gene involved in 
cell homeostasis, whilst TNFRSF6B, which functions as an immunosuppressive, 
has been associated with AD. While shorter lengths of the VNTR associates with AD, 
longer lengths correlate with a protective GWAS SNP rs55765053 in TNFRSF6B, 
which in turn is in modest LD with the main protective SNP rs6742. Further functional 
analysis should be conducted to validate our preliminary findings.
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Abstract
Predicting a person’s risk to develop Alzheimer’s disease poses a profound 
challenge due to its complex genetic nature. Despite efforts to identify genetic 
causative variants, GWAS mainly identifies non-coding SNPs, leaving many AD-
associated loci without a direct causal link. To address this, we explored the role of 
structural variations in repetitive DNA elements, which have been previously linked 
to various neurological diseases, including AD. In this study, we performed a fine-
mapping analysis with the web-based tool FUMA on summary statistics from de 
Rojas et al. (2021). Here, in parallel to the annotation of SNPs in the context of 
genomic position, regulatory function, and 3D chromatin interactions, we integrated 
positional mapping of structural variants from Audano et al. (2019) and further 
characterised the type of repetitive DNA that gives rise to the variation. Overall, 
we identified 202 structural variants in 16 out of 22 highly replicated AD genomic 
risk loci. Alu elements are a major source of variation throughout the loci, but 
structurally variable SVAs are present in four highly replicated AD-associated loci, 
PICALM, BIN1, CD2AP and MS4A4A, surrounded by high risk GWAS-identified 
SNPs. Thus, we hypothesise that this previously hidden type of structural variation 
in AD-associated loci may harbour gene-regulatory variation that may be the actual 
driver of the reported disease-association for some of the AD-risk loci. 
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Introduction
Alzheimer’s disease (AD) is a genetically complex neurodegenerative disease. It is the 
most common form of dementia worldwide, with symptoms consisting of progressive 
decline of memory and cognitive abilities (Soria Lopez, González, and Léger 2019). 
Age is the primary risk factor for sporadic AD and its heritability is estimated to be 
between 60-80% (Gatz et al. 2006), though the genetic mechanisms underlying 
AD remain unknown. In recent years there has been a high influx of genome-wide 
association studies (GWAS) and meta-analyses that reveal an abundance of AD-
associated single nucleotide polymorphisms (SNPs) (Bellenguez et al. 2022; Jansen 
et al. 2019; Kunkle et al. 2019; de Rojas et al. 2021; Schwartzentruber et al. 2021). 
Due to these studies, sporadic AD is defined by multiple, common variants with low 
effect sizes that are typically not the direct culprit for the disease, but are rather a 
representative for the locus (Edwards et al. 2013; Jansen et al. 2019). This problem 
of missing heritability may be caused by the complexity of the loci, which is not fully 
captured by GWAS. Thus, uncovering the true architecture of AD-associated loci 
will allow for the discovery of genetic causal variants.

Currently there are ~84 genetic loci associated with the risk of AD in the European 
population (Bellenguez et al. 2022), making the prioritisation of these loci essential. 
To that end, fine-mapping of AD-associated SNPs through functional annotations is 
performed as a post-GWAS analysis. Fine-mapping uses associations of a genomic 
region with a trait and assumes that at least one causal variant exists in that region 
(Broekema, Bakker, and Jonkers 2020). The areas can be partitioned into loci that 
have approximately independent effects on traits allowing for the determination of 
disease-linked effects (Broekema, Bakker, and Jonkers 2020; Hutchinson, Asimit, 
and Wallace 2020). These techniques of fine-mapping only focus on potential 
disease-causing candidate SNPs that, through linkage disequilibrium (LD), are 
in the same haplotype (Hutchinson, Asimit, and Wallace 2020). However, instead 
of a single nucleotide change, larger structural variations of the genome, such 
as deletions, insertions, or inversions of more than 50 bp, might be the driver of 
complex diseases such as AD.

Non-coding regions are rich in transposable elements, and because of their 
repetitive nature most variations that may exist in transposable elements have 
remained unexplored and were not taken into account when fine-mapping GWAS 
analyses. However, it has become clear that the gene-regulatory properties of 
transposable elements (TEs) have widely integrated in mammalian genomes, and 
TEs have been associated with both normal gene regulation and gene dysfunction 
(Gloss and Dinger 2018; Lander et al. 2001). The extent of variation that exists in 
the non-coding part of our genome has come to light through long-read sequencing 
methodology, exposing a vast amount of structural variants (SVs) (Audano et al. 
2019; Chaisson, Wilson, and Eichler 2015; Linthorst et al. 2020).
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SVs can have stable and heritable effects on gene expression. For instance, 
structural variation of a variable number of tandem repeat (VNTR) was found in 
the ABCA7 gene, a highly replicated AD-associated locus. Here, the expansion of 
the VNTR, in LD with a nearby risk SNP (rs3764650; D’=0.92 and r2=0.23), causes 
alternative splicing, leading to a dysfunctional protein or nonsense-mediated decay 
(De Roeck et al. 2018). To date, the ABCA7-VNTR is the only variation of its kind to 
be associated with AD specifically. 

Even when they reside outside of the coding part of a gene, VNTRs can carry over 
some gene-regulatory properties to genes nearby, often in a length-dependent 
manner (Bakhtiari et al. 2021). The high propensity of tandem repeats in important 
gene-regulatory regions to undergo structural changes over time, may have played 
an important role in accelerating the evolution of species (Gemayel et al. 2010). Also 
in the human species, a high number of human-specific variations of VNTRs exist in 
neuronal genes which were shown to be differentially expressed between humans 
and chimpanzees (Sulovari et al. 2019). One of the sources of human-specific 
VNTRs is harboured in a retrotransposon called SINE-VNTR-Alu (SVA) elements, a 
hominid-specific family of transposable elements (H. Wang et al. 2005). The VNTR 
component of SVAs is a major source of structural variation (Audano et al. 2019; 
van Bree et al. 2022).

SVAs are currently still active in the human genome and give rise to new insertional 
polymorphisms in the human population (Cordaux and Batzer 2009; H. Wang et 
al. 2005). New SVA insertions can give rise to genetic variation but can also cause 
genomic instability and diseases (Hancks et al. 2009; Petrozziello et al. 2020; Pfaff et 
al. 2023; Pfaff, Singleton, and Kõks 2022). When inserted in a gene, SVAs can cause 
altered splicing patterns and loss-of-function mutations (Aneichyk et al. 2018; Pfaff, 
Singleton, and Kõks 2022). When in intergenic regions, SVAs also have the potential 
to regulate gene expression of nearby genes (Jacobs et al. 2014; Savage et al. 2013, 
2014). As an evolutionary consequence of their incorporation in our genome, during 
primate evolution, SVAs have integrated in gene-regulatory networks (Jacobs et 
al. 2014; Pontis et al. 2019). Functional properties of VNTRs and VNTR-containing 
elements, such as the SVA, with high levels of hidden intrinsic structural variation 
and strong gene regulatory properties, establish VNTRs as prime candidates for 
SVs causal to gene dysregulation in AD-associated loci.

In this study we used published GWAS meta-analysis summary statistics (de 
Rojas et al. 2021) to perform a post-GWAS analysis using the web-based tool 
FUMA (Functional Mapping and Annotation of Genome-Wide Association Studies) 
(Watanabe et al. 2017). FUMA uses the summary statistics and pre-calculated LD 
structure to characterise genomic risk loci (GRL) associated with a trait/disease. 
Furthermore, FUMA annotates candidate SNPs in the context of genomic position, 
regulatory function, and 3D chromatin interactions. We took advantage of the 
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Figure 1: Schematic of hypothesis. In a regional plot of an AD-associated locus, significant 
risk SNPs (flags) are in a region of high linkage disequilibrium (LD block). Shading areas 
of cold to warm colours mean increasing association to disease risk. The gene within the 
LD block is associated with AD, though the risk SNPs are non-coding. Larger structural 
variations recently uncovered are also located within the LD block and are surrounded by the 
risk SNPs. We hypothesise that it is the structural variation that drives disease-association 
(grey arrow) instead of the risk SNP itself. Non-coding risk SNPs only flag the locus.

wide range of analyses available in FUMA to develop a prioritisation method that 
incorporates positional mapping of structural variation (Audano et al. 2019) in the 
GRL. We hypothesise that some of the AD-associated SNPs are tightly associated 
with hidden structural variations in repetitive DNA elements which we argue then to 
be the actual causative variant involved with gene dysregulation that leads to AD 
(Figure 1).
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Table 1: 29 genomic risk loci containing SNPs present in the GWAS catalog of Alzheimer’s 
disease. Table of the full output from FUMA with 29 GRL containing SNPs present in the 
GWAS catalog of Alzheimer’s disease. P-values of top lead SNP from de Rojas et al. (2021). 
Coordinates for the GRL are based on the human genome reference GRCh37. SNPs: number 
of SNPs within the GRL; GWAS SNPs: number of GWAS-tagged candidate SNPs within the 
GRL; Independent Sig SNPs: number of independent significant SNPs within the GRL; Lead 
SNPs: number of lead SNPs within the GRL.

Results
Alzheimer’s disease is a complex disease with new studies reporting new variants 
and implicating new genes yearly. Thus, to perform a prioritisation of AD-associated 
loci we used the most up-to-date meta-analysis from de Rojas et al. (2021). The 
study is composed of individuals from GR@ACE, IGAP and UK Biobank (n = 
409,435). We applied FUMA, a web-based tool, to the summary statistics of the 
referred study to identify potential risk loci with genome-wide significant lead SNPs 
for AD. A total of 29 genomic risk loci (GRL) were reported (Table 1), harbouring 
829 independent significant SNPs with a genome-wide significant association with 
AD status (P-value < 5 x 10−8). They were in linkage disequilibrium (r2 ≥ 0.8) with 
other candidate SNPs within each locus (Supplemental Table S2). The defined 
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Figure 2: Highly replicated AD-associated genomic risk loci. A, Enrichment analysis of 
functional consequences of SNPs on genes in 29 GRL, performed by ANNOVAR in FUMA. 
Up- and downstream refer to SNPs within 1 kb of the transcription start site or transcription 
end site, respectively. B, Annotation of SNPs in context of GWAS catalog of Alzheimer’s 
disease with replication studies. Only include 22 GRL, which are represented in a grey 
gradient.
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GRL also includes 188 lead SNPs that are independent from each other at r2 < 0.1 
(Supplemental Table S3). See Watanabe et al. (2017) for detailed methodology. A 
list of the r2 scores for all pairs of one of the independent lead SNPs and SNPs in 
LD with r2 ≥ 0.8 can be found at Supplemental Table S4. For each of the 29 GRLs, 
only the top lead SNP per GRL is represented in Table 1 (P-value from de Rojas et 
al. (2021)).

The majority of SNPs in the genomic risk loci are in non-coding regions 
Previous attempts to functionally interrogate AD-associated SNPs has largely 
focused on SNPs that resided in protein-coding or UTRs of genes. In this study, 
we prioritise GRL based on the positional mapping of their SNPs, to focus on the 
ones that are not in coding or untranslated regions within a gene, such as exonic, 
UTRs and splicing sites. As a first step, we analyse the functional consequences 
of SNPs on genes with ANNOVAR, which annotates candidate SNPs that are in 
LD with at least one of the independent significant SNPs present in every GRL. 
We found an enrichment of candidate SNPs in intronic regions (P = 1.51 x 10-81), 
exonic regions (P = 1.48 x 10-10) and in untranslated regions (3’ UTR, P = 4.41 x 10-
5; 5’ UTR, P = 3.07 x 10-4) (Figure 2A, Supplemental Tables S5, S6). Furthermore, 
there is a depletion of intergenic SNPs (P = 5.91 x 10-124), however the total number 
of intergenic candidate SNPs is 1,079, which still accounts for 27.5% of the total 
number of candidate SNPs. Taking together, 79.2% of AD-associated SNPs are 
present in non-coding regions (intergenic = 1,079 and intronic = 2,028) and based 
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12 10:11,720,308  3.091x10−11  11,707,563  11,723,537   12   12   3   1 NR, ECHDC3, USP6NL

27* 19:51,728,477  3.109x10−08  51,727,962  51,736,383    3    3   1   1 CD33
 9* 7:143,103,481  9.632x10−14 143,092,664 143,132,183   40   37  11   3 EPHA1, TAS2R62P

23* 17:5,138,304  6.459x10−14   4,727,352   5,269,183  248  210  35   2 SCIMP

26 19:45,395,266 2.060x10−287  44,403,375  46,125,148 1,238 1,107 434 118 APOE, PVRL2, TOMM40

Table 2: 22 highly replicated genomic risk loci associated with AD. Table of a selection 
of the 22 GRL containing SNPs present in the GWAS catalog of Alzheimer’s disease with 
replication studies. P-values of top lead SNP from de Rojas et al. (2021). Coordinates for GRL 
are based on the human genome reference GRCh37. GRL highlighted with a * indicate that 
there is no non-coding SNP (intergenic or intronic) from ANNOVAR analysis. SNPs: number 
of SNPs within the GRL; GWAS SNPs: number of GWAS-tagged candidate SNPs within the 
GRL; Independent Sig SNPs: number of independent significant SNPs within the GRL; Lead 
SNPs: number of lead SNPs within the GRL.

on functional annotation of the respective loci, a clear predicted relation between 
the SNP and AD-associated gene-dysregulation is absent (Supplemental Table 
S6).

To focus on the highly replicated AD-associated loci without a known causative 
variant, we analysed a list of SNPs reported in the GWAS catalog provided by 
FUMA. From this list, 56 SNPs located in 22 GRL had previously been reported in an 
AD GWAS with a replication study (Supplemental Table S7). The genomic context 
of these variants was analysed and most of the variants are either intergenic (25%) 
or intronic (50%) (Figure 2B). Thus, we selected the GRL based on the presence of 
SNPs in highly replicated AD-associated loci composed of 22 GRL, ordered by the 
number of GWAS-identified SNPs (Table 2). Here we prioritise GRL with intergenic 
or intronic SNPs, which are 19 out of the 22 (the GRL 23, 9 and 27 are without any 
non-coding SNPs). Furthermore, GRL 26 of the APOE gene has the lowest priority 
due to its high penetrance pathogenic ε4 allele (Saddiki et al., 2020).
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Figure 3: Structural variants in AD-associated genomic risk loci. A, Distribution of lengths 
of structural variants from Audano et al. (2019) present in 16 GRL. AluY and SVA elements 
are highlighted in the density plot as insertional polymorphisms. B, Pie chart showing total 
SV percentages in the 16 GRL. C, Number of SVs per GRL. B-C, The colouring represents 
the type of repeat which shows structural variation or full insertion/deletion for AluY and SVA 
elements. Nomenclature of repeats used as in Audano et al. (2019).

High structural variation in AD-associated loci
We hypothesise that previously overlooked structural variation might be playing a 
role in the highly replicated loci associated with Alzheimer’s disease, of which there 
is no causal genetic variant identified yet. To that end, we analysed SVs present 
in the 22 GRL, using the SV data reported by Audano et al. (2019). 16 of the 22 
GRL contain a total of 202 SVs, with lengths ranging from 50 bp to 4,546 bp for 
insertions (median = 140 bp), and -6,074 bp to -50 bp for deletions (median = -104 
bp) (Figure 3A, Supplemental Table S8). Most of the structural variants in the GRL 
are in tandem repeats (TRF), which make up 52.5% of the total variation (Figure 
3B). Importantly, the Audano list included the SV in the ABCA7 locus, expansion of 
which was previously associated with AD (De Roeck et al., 2018) (Figure 3C). 
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GRL Genes Repeat Family Structural Variants (Audano et al. (2019)Repeat Name

 3
 3
 7
 7
 7
 7
 8
 8
 8

14
14
14
14
14
15
15
15

BIN1
BIN1
CD2AP
CD2AP
CD2AP
CD2AP
ZCWPW1
ZCWPW1
ZCWPW1
MS4A4A
MS4A4A
MS4A4A
MS4A4A
MS4A4A
PICALM
PICALM
PICALM

(CCT)n
SVA-F
(TCC)n
AluYh3
L2
SVA-C
AluSx1
FLAM-A
SVA-D
(AT)n
Charlie1b
Charlie1b
L1MCa
SVA-D
(AT)n
MIR3
SVA-D

Simple repeat
SVA
Simple repeat
Alu
L2
SVA
Alu
Alu
SVA
Simple repeat
hAT−Charlie
hAT−Charlie
L1
SVA
Simple repeat
MIR
SVA

117 INS TRF
52 INS NotMasked, 96 INS TRF, 80 DEL SVA_simple, 169 INS SVA_simple, 293 INS TRF
162 INS TRF
56 INS NotMasked
344 INS AluY_simple
807 INS TRF, 298 INS TRF
322 INS AluY_simple
343 INS AluY_simple
50 DEL Singletons
212 INS TRF
70 INS NotMasked
70 INS NotMasked
1056 INS NotMasked
50 DEL NotMasked
96 INS TRF
64 INS NotMasked
356 INS SVA_simple, 80 INS NotMasked, 63 INS NotMasked, 175 DEL SVA_simple

Table 3: Genomic risk loci with structurally variable SVAs. Table of GRL with SV-SVAs, 
which are highlighted in lilac. Repetitive DNA from RepeatMasker and SVs from Audano et 
al. (2019).

Of all SVs in the GRL, the Alu element family constitutes 13.4% (Figure 3B). 
The AluY elements represent 63% of all Alu elements and these are present in 
9 of the 16 GRL (Figure 3B-C). The insertional polymorphisms of AluY elements 
account for the shoulder of the peak around -300 bp (Alu insertions absent in the 
genome assembly) as well as around +300 bp (Alu insertions not represented in 
the genome assembly). (Figure 3A). Moreover, there are larger structural variations 
defined as “Complex” or “NotMasked”, which include Alu elements, raising the 
percentage to 18.32% SVs (Supplemental Table S8). SVA elements exhibit both 
new polymorphic SVA insertions (not present in the whole human population) and 
structural variation in SVA elements that are fixed in the human genome (present in 
every individual). In total structural variation in SVA elements accounts for 3.5% of 
the SVs and are present in four GRL: BIN1, PICALM, SCIMP and APOE (Figure 3B-
C, Supplemental Table S8). Three polymorphic SVA insertions contribute to SVs 
of sizes around ~2,500 bp and ~2,700 bp (Figure 3A) and are located in the SCIMP 
and APOE loci.

To further investigate the architecture of these loci regarding the structural variations, 
we intersected the SVs with repetitive elements from the RepeatMasker track on 
UCSC Genome Browser. Only SVs that fully reside within a repetitive element were 
considered. SVA elements were represented in more AD-associated GRL than 
previously observed (Supplemental Table S9). This is due to the classification of 
SVs done by Audano et al. (2019), which called “TRF” (tandem repeats), “singletons” 
or “NotMasked” to variations occurring within the SVA elements, instead of “SVA_
simple” (Table 3). A number of SVs were found within SVA sequences that were fixed 
in the human population, meaning that every human individual carries a particular 
SVA insertion in its genome, but it has an SV within its VNTR sequence. These SVs 
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were found within SVA sequences in the GRL of BIN1, CD2AP, ZCWPW1, MS4A4A 
and PICALM with SV lengths ranging from 50 bp to 807 bp (Table 3). One other SV 
of 4,195 bp lies within a fixed SVA element in the CELF1 gene. An analysis shows 
that this is likely caused by a retrotransposon insertion within the fixed SVA element 
and not an extension of the VNTR as is the case for other SV-SVAs. 

Genomic regions of BIN1 and PICALM genes are neuronally active
Next, we focussed on the SVAs in the highly replicated AD-associated GRL of BIN1, 
CD2AP, ZCWPW1, MS4A4A and PICALM, which have fixed but structurally variable 
SVAs (SV-SVA), i.e. they are present across the human population in different forms. 
Because issues with mapping of DNA sequences to highly repetitive DNA elements 
result in the underrepresentation of SNPs in repetitive DNA such as SVAs, we used 
information about nearby non-coding SNPs as a proxy to the predicted functionality 
of the genomic locus the SVA resides in. We first established whether any of the 
nearby non-coding SNPs were predicted to be deleterious (i.e. CADD score higher 
than 12.37,(Kircher et al. 2014). In the PICALM locus, there are three SNPs with high 
CADD scores of 16.12, 15.63 and 17.79. Also, in the BIN1, CD2AP and MS4A4A loci 
there are SNPs just around or above the threshold (Figure 4A). None of the SNPs 
in ZCWPW1 locus have a deleteriousness score close to the threshold, the highest 
being SNP 7:99843353:C:T with a CADD score of 8.62 (Supplemental Table S10), 
thus the SVA in the ZCWPW1 locus was not further investigated at this stage.

Since functional annotation relies on chromatin states which is often not accurately 
captured for highly repetitive DNA elements such as SVAs, we investigated the 
functional properties of nearby independent significant SNPs as an indirect 
measure for the possible gene-regulatory potential that is harboured in the four 
SVA-containing GRL. For each GRL, we then analysed data from the 15-core 
chromatin states from Roadmap Epigenomics (Kundaje et al. 2015), enhancers from 
PsychENCODE (Akbarian et al. 2015) and expression quantitative trait loci (eQTL) 
from GTEx (Lonsdale et al. 2013). Based on Roadmaps epigenetic data, SNPs in 
the GRL of BIN1, CD2AP and PICALM are present in neuronally active genomic 
regions, whilst SNPs in MS4A4A locus show almost full inactivation in brain tissues 
(Figure 4B). This is also supported by the number of SNPs overlapping enhancers 
in these loci, especially for BIN1 and PICALM loci (Figure 4C). Finally, eQTL data 
shows that BIN1 and CD2AP gene expression correlates with the presence of the 
independent SNPs (Figure 4D, Supplemental Table S11). On the contrary, such 
association could not be confirmed for MS4A4A and PICALM genes. 

Based on the four datasets together, the GRL of PICALM is the most promising 
locus due to the high activity in neuronal environments and the three independent 
SNPs that are predicted to be deleterious with a high CADD score (Figure 4). The 
SNP 11:85800279:A:G with the highest deleteriousness score (CADD=17.79) is an 
intergenic SNP previously reported in GWAS of AD with replication studies. It is 
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Figure 4: Deleteriousness and functional properties of independent SNPs. A-D, For each 
independent significant SNP in the 4 GRL we plot: A, CADD score for level of deleteriousness: 
a SNP is considered deleterious with a score higher than 12.37 (Kircher et al., 2014), SNPs in 
bold are characterised as “intergenic” or “intronic” from ANNOVAR analysis and are present 
in GWAS catalog for AD with replication study. SNP IDs are based on the human genome 
reference GRCh37. B, 15-core chromatin state, warmer colours from 1 to 7 represent active/
open chromatin whilst colder colours from 8 to 15 represent heterochromatin (see Methods 
for specific chromatin states from Roadmap Epigenomics). C, Enhancer dataset from 
PsychENCODE for brain tissues. D, eQTL data for brain tissues from GTEx.
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Figure 5: Overview of PICALM genomic risk locus. A, Regional plot of AD-associated 
SNPs from Rojas et al. (2021) plotted with their respective meta-analysis genome-wide 
significant P-values (GWS (Genome-wide significance), P < 5 x 10−8; as −log10 values) and 
are distinguished by linkage disequilibrium (r2) of nearby SNPs on a blue to red scale, from 
r2 = 0 to 1, based on pairwise r2 values from the 1000 Genomes Phase3 reference panel. B, 
Gene annotations from NCBI RefSeq Select database, C. Structural variants from Audano et 
al. (2019). D, Local chromatin interactions from datasets available in FUMA (see Methods). 
SVA highlighted in lilac. Grey shading represents GRL 15. Assembly GRCh38, scale in Mb.

present in an open chromatin region but not overlapping any known enhancers 
and without eQTL signal. This SNP is located approximately 20 kb downstream 
of PICALM (chr11:85,668,214-85,780,139; GRCh37), and 20 kb upstream of 
the SV-SVA (chr11:85,820,785-85,823,186; GRCh37). Interestingly, the other 
independent SNPs with high CADD scores 11:85850243:C:T (CADD=16.12) and 
11:85831246:A:G (CADD=15.63) are located downstream of the SV-SVA, thus 
surrounding this element. Because a disease-associated SNP is usually merely an 
indicator of a causal variant in its vicinity, the fact that two SNPs with high CADD 
scores flank the SV-SVA in the upstream region of PICALM, may suggest that the 
SV-SVA contributes to the disease associated dysregulation thereof.
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SV-SVAs in four GRL are in a AD-associated SNP-dense region but lack 
direct chromatin interaction with genes
To investigate whether the SV-SVAs, together with independent SNPs, in the four 
GRL are involved in regulatory mechanisms through 3D chromatin interactions, 
we analysed chromatin interaction mapping derived from FUMA (see Methods, 
Supplemental Table S12). This dataset consists of regions of 10,000 bp which 
overlap with at least one SNP in the GRL, in brain tissues. For a visual understanding 
of each locus, we plotted all 3D chromatin associations, structural variants, and a 
regional plot of the study from de Rojas et al. (2021). We observe that the PICALM-
SVA, BIN1-SVA and MS4A4A-SVA, are interacting with regions either in- or outside 
of the locus (Figures 5-7). Interestingly, in the PICALM locus, the region with highest 
association to AD colocalizes with the SV-SVA and interacts with genes of PICALM, 
EED and CCDC83 (Figure 5). Likewise, in the BIN1 locus, the highly variable SV-
SVA is located upstream of the BIN1 gene on the right side of the GRL, which is 
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Figure 6: Overview of BIN1 genomic risk locus. A, Regional plot of AD-associated 
SNPs from Rojas et al. (2021) plotted with their respective meta-analysis genome-wide 
significant P-values (GWS (Genome-wide significance), P < 5 x 10−8; as −log10 values) and 
are distinguished by linkage disequilibrium (r2) of nearby SNPs on a blue to red scale, from 
r2 = 0 to 1, based on pairwise r2 values from the 1000 Genomes Phase3 reference panel. B, 
Gene annotations from NCBI RefSeq Select database. C, Structural variants from Audano et 
al. (2019). D, Local chromatin interactions from datasets available in FUMA (see Methods). 
SVA highlighted in lilac. Grey shading represents GRL 3. Assembly GRCh38, scale in Mb.
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A Regional plot of genomic risk locus 14
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Figure 7: Overview of MS4A4A genomic risk locus. A, Regional plot of AD-associated 
SNPs from Rojas et al. (2021) plotted with their respective meta-analysis genome-wide 
significant P-values (GWS (Genome-wide significance), P < 5 x 10−8; as −log10 values) and 
are distinguished by linkage disequilibrium (r2) of nearby SNPs on a blue to red scale, from 
r2 = 0 to 1, based on pairwise r2 values from the 1000 Genomes Phase3 reference panel. B, 
Gene annotations from NCBI RefSeq Select database. C, Structural variants from Audano et 
al. (2019). D, Local chromatin interactions from datasets available in FUMA (see Methods). 
SVA highlighted in lilac. Grey shading represents GRL 14. Assembly GRCh38, scale in Mb.

the region with highest association with AD (Figure 6). In the MS4A4A locus, the 
SV-SVA is located in a region with high association with AD, exhibiting only one 
SV of 50 bp deletion which is also linked to a region outside of the locus (Figure 
7). Finally, in the CD2AP locus the SV-SVA is also intronic and has two insertions 
of 298 and 807 bp (Figures 8). It is located right in the middle of the region of high 
AD-association though it does not interact with any other region either in- or outside 
of the locus. Importantly, all SV-SVAs are surrounded by risk SNPs, indicating a 
possible mechanism of regulation involved in disease. 

For a more detailed resolution of the locus, we intersected each region from the 
chromatin interaction dataset with structurally variable repetitive DNA elements 
(Supplemental Table S13). We did not find evidence for a direct physical interaction 
with the SVAs and promoters of nearby genes in the GRL. A possible explanation for 
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A Regional plot of genomic risk locus 7
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Figure 8: Overview of CD2AP genomic risk locus. A, Regional plot of AD-associated 
SNPs from Rojas et al. (2021) plotted with their respective meta-analysis genome-wide 
significant P-values (GWS (Genome-wide significance), P < 5 x 10−8; as −log10 values) and 
are distinguished by linkage disequilibrium (r2) of nearby SNPs on a blue to red scale, from 
r2 = 0 to 1, based on pairwise r2 values from the 1000 Genomes Phase3 reference panel. B, 
Gene annotations from NCBI RefSeq Select database. C, Structural variants from Audano et 
al. (2019). D, Local chromatin interactions from datasets available in FUMA (see Methods). 
SVA highlighted in lilac. Grey shading represents GRL 7. Assembly GRCh38, scale in Mb.

this is that mapping of interaction sites to highly repetitive DNA is often extremely 
challenging, potentially leading to the failure to map interaction sites that exist in 
vivo. 

Under normal conditions SVAs are heavily covered with repressive histone and 
DNA methylation marks, which may prevent them from interacting with their genetic 
environment and exerting their gene regulatory effect. Epigenetic control of SVAs 
may also cause the temporary lack of direct physical association between the SVA 
and the nearby genes, which other work of our lab suggests becomes progressively 
impaired during ageing (Rosenkrantz et al. 2024). Therefore, a lack of a chromatin 
interaction in the current HiC data does not rule out that this interaction exists in 
specific cell-types, in pathological conditions or during normal ageing of the human 
brain. 
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Discussion
Over the past decades, GWAS have been highly successful in identifying loci and 
genes associated with Alzheimer’s disease. We hypothesise that for some of the AD-
associated loci, the pathological dysregulation might be caused by larger structural 
variations that have remained hidden thus far. Their omission in past GWAS datasets 
is due to technical limitations in sequence mapping and an overall shortcoming of 
accurate functional annotation of repetitive DNA. To investigate the involvement of 
hidden SVs in gene-dysregulation in AD associated loci, this study aimed to identify 
SVs in AD-associated loci, and we characterise the AD-associated loci based on 
the integration of structural variants in a GWAS fine-mapping analysis. 

Here we identify 16 GRL associated with AD that contain a total of 202 SVs. Overall, 
structural variations in tandem repeats are present in almost every locus. Tandem 
repeats encompass VNTRs and STRs (short tandem repeats) and interestingly, 
unstable tandem repeats are responsible for many human neurological diseases 
caused by pathological repeat expansions, including in AD (Chintalaphani et al. 
2021; De Roeck et al. 2018; Fondon et al. 2008; Pearson, Edamura, and Cleary 
2005). Furthermore, a large contribution comes from Alu elements, a primate-
specific retrotransposon family and they have extensively been linked to various 
human neurological diseases, including AD (Larsen et al. 2017, 2018; Salazar et 
al. 2023). There are multiple mechanisms by which Alu elements can contribute to 
the progression of disease, at the genomic or transcriptional levels, including post-
transcriptional modifications (Pfaff, Singleton, and Kõks 2022). Thus, exploring the 
variability in these inherently dynamic regions of our genome might give links to 
explain the missing heritability of Alzheimer’s disease.

We report that amongst the highly replicated AD-associated loci are a few loci 
which harbour SV-SVA elements surrounded by GWAS-identified risk SNPs with 
high disease-association values. Four of these loci harbour four different genes, 
PICALM, BIN1, CD2AP and MS4A4A, that play crucial roles in brain lipid metabolism, 
a process intricately linked to neuroinflammation and microglial functions (Ando et 
al. 2022; Yang et al. 2022). Microglial cells serve as the brain’s immune system, 
actively maintaining its homeostasis by phagocytosing harmful molecules (Colonna 
and Butovsky 2017). In the context of Alzheimer’s disease, microglia play a pivotal 
role in the early stages by clearing amyloid-beta (Aβ) aggregates. This process 
involves endosomal regulator proteins such as PICALM, BIN1, and CD2AP (Ando 
et al. 2022; Dourlen et al. 2019; Raj et al. 2018). Additionally, the MS4A4A gene, 
belonging to the MS4A gene cluster, exhibits high expression in microglia and 
serves as a modulator of TREM2 expression, another key player in AD (Deming 
et al. 2019). PICALM and BIN1, along with APOE, are established as the main 
susceptibility genes for AD. CD2AP and MS4A4A have also been associated with 
AD pathology through multiple independent genetic studies (Bellenguez et al. 2022; 



Integration and systematic categorization of 
hidden structural variation in Alzheimer’s Disease-associated loci

43

1

Kunkle et al. 2019; de Rojas et al. 2021; Schwartzentruber et al. 2021). It is believed 
that PICALM, BIN1 and CD2AP genes affect Aβ clearance through changes on their 
expression levels (Ando et al. 2022; Dourlen et al. 2019; Gao et al. 2021; E. Lambert 
et al. 2022; Tao, Chen, and Wu 2019; Xu, Tan, and Yu 2015). Conversely, disruptions 
in the regulation of the MS4A4A gene could impact microglial cells’ lipid metabolism 
and immune response (You et al. 2023). However, the specific genetic mechanism 
by which dysregulation of PICALM, BIN1, CD2AP or MS4A4A increases the risk of 
AD remains elusive. 

Strikingly, SV-SVAs in these four loci consistently reside in regions strongly correlated 
with AD, often in close proximity to the risk SNP with highest disease significance. 
Notably, SV-SVAs in PICALM, BIN1 and MS4A4A loci reside in regions of 3D 
chromatin interactions, suggesting potential functional regulatory links both within 
and outside of their respective locus. Additionally, the genomic risk loci of PICALM 
and BIN1 exhibit significant neuronal activity, as indicated by their open chromatin 
status, presence of enhancers and eQTL signalling in brain tissues. Conversely, 
MS4A4A locus presents silencing in a neuronal context. However, since this gene 
cluster is predominantly expressed in microglia rather than neurons, advocating 
further investigation of this MS4A4A locus in microglial cells.

Insertional polymorphisms of SVAs are common in the human population, as SVAs 
are one of the few classes of TEs that remain actively retrotransposing in the human 
genome (Hancks and Kazazian 2010; Payer and Burns 2019). An insertional SVA 
polymorphism is present in some but not all human individuals. We find polymorphic 
SVA insertions in the APOE locus, the main susceptibility gene for AD pathology, 
and SCIMP, another gene associated with AD (Bellenguez et al. 2022; Saddiki et al. 
2020). Further studies should be conducted to assess the functional consequences 
of insertional polymorphisms in these AD GRL. Here we did not focus our work on 
insertional SVA polymorphisms, because their absence in the reference genome 
precludes the accurate consideration of chromatin states, eQTL and chromatin 
interactions. Therefore, despite their possible contribution to human disease, our 
approach was to focus only on fixed SVA insertions, consistently present in the 
human population, which can show structural variations within the VNTR sequence 
in the middle part of the SVA.

The high level of structural variation found in SVA elements widens the range of 
hidden gene-regulatory potential, introducing previously unknown layers of gene 
regulation that may heavily depend on the changeable epigenetic status of our 
DNA upon normal ageing (van Bree et al. 2022; Guo et al. 2018; Wanhe Li et al. 
2013; Yushkova and Moskalev 2023). One of the most noteworthy changes during 
ageing is the heterochromatin loss (Villeponteau 1997), resulting in de-repression 
of elements like SVAs. Concomitantly, the expression level of ZNF91, the main 
repressor of SVAs (Haring et al. 2021) shows a significant negative correlation to 
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age in many neuronal tissues (Rosenkrantz et al. 2024). This reduction in ZNF91 
expression over time may also lead to the progressive unleashing of the SVA’s full 
gene-regulatory potential, suggesting that their influence on gene regulation is both 
temporally dynamic and intricately linked to the ageing process. Since Alzheimer’s 
disease is intrinsically related with ageing and transposable elements are active 
and expressed in the brain (Ahmadi et al. 2020; Baillie et al. 2011; Thomas et al. 
2020), SVAs could contribute to the disruption of neuronal function and integrity, 
influencing disease onset and progression.

In this study, we have gathered the first hints towards a potential functional 
involvement of hidden SVs and, in particular, SV-SVA elements in loci associated 
with Alzheimer’s disease. In a post-GWAS era, the importance of fine-mapping 
analysis cannot be overstated when it comes to disentangling the intricate genetic 
identity of each AD locus previously identified by GWAS. Currently the primary 
focus of these analyses is on SNPs that are in linkage disequilibrium within a certain 
genomic region. However, a significant proportion of these SNPs are located in non-
coding regions. It is worth noting that the larger variability within these non-coding 
regions, arising from repetitive DNA elements, are often overlooked in association 
studies. Therefore, functional characterization of hidden AD genetic factors, such 
as SV-SVA elements, is imperative to elucidate the mechanisms of AD and may 
shed light on the observed differential genetic susceptibility to AD in the human 
population 
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Methods
Fine-mapping of AD-associated loci using FUMA
Characterization of genomic risk loci
The data analysed in this study consisted of GWAS summary statistics acquired 
from a meta-GWAS analysis of AD studies performed by de Rojas et al. (2021). The 
meta-analysis consisted of a Spanish case-control study (GR@ACE/DEGESCO, n = 
12,386), a case-control study of International Genomics of Alzheimer project (IGAP, 
n = 82,771) and the UK Biobank AD-by-proxy case-control study (n = 314,278). 
We used FUMA (Functional Mapping and Annotation of Genome-Wide Association 
Studies, version 1.3.6a), which provides comprehensive annotations identifying 
independent significant SNPs that have a GWS P-value < 5 x 10−8 and LD of r2 ≥ 
0.8. A subset of these SNPs are termed lead SNPs when they are in approximate 
LD with each other at r2 < 0.1. FUMA then assigns independent genomic risk loci by 
identifying regions in LD with these lead SNPs, within a 500 kb window, using the 
1000 Genomes Phase 3 reference panel to compute the LD blocks. The borders of 
the genomic risk loci are defined by identifying all SNPs in linkage disequilibrium 
(r2 ≥ 0.8) with one of the independent significant SNPs in the locus. The region 
containing all these candidate SNPs was considered as a single independent 
genomic risk locus. All genomic annotations are based on the human genome 
reference GRCh37. Output files regarding SNPs are in Supplemental Tables S1-
S4, including information on all, independent and lead SNPs, and r2 scores for all 
pairs of independent SNPs and SNPs in LD (r2 ≥ 0.8). 

Annotation of SNPs from FUMA
FUMA annotates functions to independent significant SNPs and of those that are in 
LD (r2 ≥ 0.8) using multiple methods and databases. For functional consequences 
of SNPs on genes, FUMA uses ANNOVAR with Ensembl genes (build 85) (K. Wang, 
Li, and Hakonarson 2010) (Supplemental Tables S5, S6); their deleteriousness 
with CADD score (Kircher et al. 2014); regulatory functions with RegulomeDB score 
(Boyle et al. 2012), PsychENCODE (Akbarian et al. 2015) and 15-core chromatin 
state in brain regions from Roadmap Epigenomics (Kundaje et al. 2015) predicted 
by ChromHMM (Ernst and Kellis 2012) (Supplemental Table S10); effects 
on gene expression with eQTL using GTEx v8 (Lonsdale et al. 2013) for brain 
tissues (Supplemental Table S11); chromatin interactions using Hi-C data from 
PsychENCODE, (Giusti-Rodríguez et al. 2019) and (Schmitt et al. 2016) available 
in FUMA, using enhancers from PsychENCODE and Roadmap, and promoter 
regions defined as 1,000 bp up- and 500 bp downstream of transcription start sites 
(Supplemental Table S12). Finally, SNPs are linked to the GWAS catalog (version 
e96_r2019-09-24) (Welter et al. 2014) to include previously reported associations 
with traits or diseases (Supplemental Table S7).
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Filtering of genomic risk loci based on FUMA
We used the outputs from FUMA described above to further filter the SNPs in 
the GRL. All analysis was done in R (version 4.3.0) with the packages data.table 
(version 1.14.8), stringr (version 1.5.0), and plots were made with the packages 
ggplot2 (version 3.4.2), ggpubr (version 0.6.0) and viridis (0.6.3). We used the 
information in the GWAS catalog to select independent significant SNPs that have 
been previously reported in Alzheimer’s disease association studies (from the “Trait” 
column) and were replicated (Supplemental Table S7). Therefore, from the initial set 
of 29 GRL from FUMA we selected the ones that contain non-coding independent 
SNPs previously associated with AD.

Structural variants in genomic risk loci
A list of structural variants was acquired from Audano et al. (2019), generated using 
long-read sequencing data. In total 99,604 insertions, deletions, and inversions 
were mapped. To filter the SVs list based on their presence in the GRL, we first 
used the LiftOver tool on UCSC Genome browser (Kent et al. 2002) to convert the 
coordinates from the reference genome GRCh37 to GRCh38 (Table 1). We selected 
the SVs present in the genomic risk loci using bedtools intersect (v2.30.0) (Quinlan 
and Hall 2010) with the options -wa -wb. The SVs list was imported into R, further 
filtering and analysis was done in the SVs present in the 16 GRL (Supplemental 
Table S8). To highlight in the density plot (Figure 2A) only full insertions or deletions 
from the active classes of mobile elements AluY and SVA, we used a cut-off size 
of 250 bp and 2000 bp, respectively. The percentage of Alu elements showing a 
variation was done by first grepping all “Alu” from the “REPEAT_TYPE” and the 
“FULL_REPEAT” columns, then binding both tables with unique values. The “FULL_
REPEAT” column gives information about the “Complex” or “NotMasked” SVs as 
well, which are often large insertions/deletions consisting of more than one type of 
repeat.

To investigate further the type of repetitive DNA that shows structural variation in the 
16 GRL, we used the table browser at the UCSC Genome Browser. We intersected 
the repetitive DNA from RepeatMasker track (A. Smit, Hubley, and Green 1996) 
within the defined regions (GRCh38) with the SVs list from Audano et al. (2019), 
previously uploaded onto the browser. Then in R we merged the list of repeats 
with the SVs, by keeping only the SVs that are fully contained within the repeat 
(Supplemental Table S9). More complex variations partially involving repeats were 
excluded from the analysis.

Deleteriousness and functional properties of independent SNPs in 
genomic risk loci
The four GRL we decided to focus on were studied based on the independent 
significant SNPs present in each locus. We used eQTL data from GTEx (v8) for 
brain tissues together with the annotation file with CADD score, enhancer data from 
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PsychENCODE and the 15-core chromatin state in brain regions from Roadmap 
Epigenomics (Supplemental Tables S10, S11). These datasets were used as input 
for heatmaps done with ggplot2 package in R. 

Chromatin interactions in genomic risk loci 
3D chromatin interactions were analysed in the four GRL, using Hi-C datasets from 
PsychENCODE, Giusti-Rodrίguez et al. (2019) and Schmitt et al. (2016) available in 
FUMA (Supplemental Table S12). The coordinates from column “region1”, which 
is the end of the chromatin interaction that overlaps with at least one SNP, were 
converted from the reference genome GRCh37 to GRCh38 with the LiftOver tool 
on UCSC Genome browser. Then we selected the chromatin interactions that also 
overlap with a structurally variable repetitive DNA element (Supplemental Table S9) 
using bedtools intersect (v2.30.0) (Quinlan and Hall 2010) with the options -wa -wb 
(Supplemental Table S13). 

For visualization purposes, the full chromatin interaction dataset, together 
with the SVs list, was plotted using pyGenomeTracks (https://pypi.org/project/
pyGenomeTracks/) and regional plots were made using LocusZoom (Pruim et 
al., 2010) (https://my.locuszoom.org/) using data from Rojas et al. (2021). Gene 
annotations are from NCBI RefSeq Select database, assembly GRCh38. 

Code
Full scripts can be found in Supplemental Code.
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Abstract 
Genome-wide association studies (GWAS) have been highly informative in 
discovering disease-associated loci, but are not designed to capture all structural 
variations in the human genome. Using long-read sequencing data, we discovered 
widespread structural variation within SVA (SINE-VNTR-Alu) elements, a class of great 
ape-specific transposable elements with gene-regulatory roles, which represents 
a major source of structural variability in the human population. We highlight the 
presence of structurally variable SVAs (SV-SVAs) in neurological disease-associated 
loci, and further associate SV-SVAs to disease-associated SNPs and differential 
gene expression using luciferase assays and expression quantitative trait loci 
data. Finally, we genetically deleted SV-SVAs in the BIN1 and CD2AP Alzheimer’s 
disease-associated risk loci and in the BCKDK Parkinson’s disease-associated risk 
locus and assessed multiple aspects of their gene-regulatory influence in a human 
neuronal context. Together, this study reveals a novel layer of genetic variation in 
transposable elements that may contribute to identification of the structural variants 
that are the actual drivers of disease associations of GWAS loci.
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Introduction
Discovering the genetic variation underlying human diseases is a common goal in 
human genetics, and the rapid increase of genome-wide association studies (GWAS) 
has generated a vast catalog of single nucleotide polymorphisms (SNPs) associated 
with specific traits and diseases (MacArthur et al. 2017). In most cases, GWAS do 
not identify the genetic variation that drives the trait, but use SNPs as markers to 
highlight trait-associated loci through linkage disequilibrium (LD) (Edwards et al. 
2013). This calls for elaborate post-GWAS analysis to shed light on the genes and 
mechanisms involved in specific traits (Backman et al. 2021; Mortezaei and Tavallaei 
2021). A comprehensive view of the genetic structural variants that exist within loci 
containing trait-associated SNPs is an essential first step to assessing how these 
variants may lead to disease susceptibility on both genetic and functional levels 
(Eichler 2019). 

One source of structural variation that has not been sufficiently considered comes 
from transposable elements (TEs), which together constitute over 42% of the human 
genome (Audano et al. 2019; Lander et al. 2001; Linthorst et al. 2020; A. F. Smit 
1999). Although the vast majority of TEs do not alter coding regions of our genome, 
some TE classes harbour strong gene-regulatory potential that can directly affect 
gene expression levels (Chuong, Elde, and Feschotte 2016; Fuentes, Swigut, and 
Wysocka 2018; Jacobs et al. 2014; Pontis et al. 2019; J. Wang et al. 2014). The TE-
mediated regulatory effect on genes is highly tissue-specific and has been shown to 
be particularly prominent in a neuronal environment (Jacob-Hirsch et al. 2018; Miao 
et al. 2020; Pontis et al. 2019; Sundaram and Wysocka 2020; Trizzino, Kapusta, and 
Brown 2018). TEs are activated during aging, neurodegeneration, and neurological 
diseases, but whether this is a cause or a consequence of the disease pathology 
remains unknown in many cases (Frank et al. 2005; Guo et al. 2018; Wanhe Li et al. 
2013; Shpyleva et al. 2018; Van Meter et al. 2014). 

Only TEs of the Alu, L1 and SVA (SINE-VNTR-Alu) families can still actively spread 
through the genome, and new insertions cause variation between individuals in 
the form of presence/absence TE-insertional polymorphisms (Batzer et al. 1991; 
Brouha et al. 2003; Kazazian et al. 1988; Ostertag et al. 2003). TEs can alter gene 
regulation in the locus in which they insert, such that the presence or absence 
of a TE can lead to inter-individual differences in gene expression. There are 
approximately 60,475 Alu, 10,018 L1 and 6,417 SVA TE-insertional polymorphisms 
known, with new insertions occurring every 40, 63 and 63 births, respectively (R. 
L. Collins et al. 2020; Feusier et al. 2019). Some of these new insertions have been 
linked to diseases (Hancks and Kazazian 2016; Makino et al. 2007; Payer et al. 
2017; Payer and Burns 2019; Pfaff et al. 2021; Sekar et al. 2016). Next to presence/
absence TE polymorphisms, structural variation within fixed TEs (TE insertions 
observed in all individuals in the human population) has also been reported (Savage 
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et al. 2013, 2014), although the prevalence of this type of structural variation has 
remained elusive. The repetitive nature of TEs increases the propensity for unequal 
crossover events or DNA polymerase slippage during meiosis, for which variable 
number of tandem repeats (VNTRs) are especially susceptible (Brookes 2013). 
SVA elements harbour unusually large VNTRs as their internal segment and have 
a unique sequence composition compared to other VNTRs in our genome. The 
structural variation in VNTRs is particularly interesting as they are often associated 
with gene-regulatory functions, and many genes have accrued VNTRs as essential 
regulatory elements for their expression (Fondon et al. 2008; Lander et al. 2001). 

It is becoming increasingly clear that gene-regulatory properties of TEs were co-
opted during evolution, leading to the integration of TEs as novel gene-regulatory 
elements in pre-existing gene expression networks (Chuong, Elde, and Feschotte 
2016; Cordaux and Batzer 2009). As such, TEs have become an integral part of 
normal human gene regulation. Because our genome has become dependent 
on TEs for specific aspects of gene regulation, structural variation within fixed 
TEs could account for inter-individual differences in temporal or spatial aspects 
of gene expression. Despite the possible roles structurally variable TEs may play 
in human health or disease, this level of structural variation has remained largely 
undocumented. This is mainly due to technical limitations associated with the 
highly repetitive DNA sequences within TEs, which makes identifying structural 
variations in TEs using short-read sequencing strategies extremely challenging. The 
development of long-read sequencing techniques provides, for the first time, the 
opportunity to accurately assess the level of structural variation (Eichler 2019). This 
allows for the evaluation of possible associations between disease susceptibility 
and specific structural variations found in fixed TEs in our genome (Audano et al. 
2019; Chaisson et al. 2019; Ebert et al. 2021; Ewing et al. 2020; Porubsky et al. 
2021; Sulovari et al. 2019).

In this study we discovered that SVA retrotransposons, a great ape-specific class of 
TEs, constitutes a major source of hidden genetic variation which is not taken into 
account by conventional genetic case-control studies. We set out to investigate the 
biological consequences of structural variability in SVAs, focusing on SV-SVAs in 
Alzheimer’s disease (AD)- and Parkinson’s disease (PD)-associated GWAS loci. We 
assessed the gene-regulatory influence of SV-SVAs in a human-neuronal context 
by genetic deletion of SVAs in 3 disease-associated loci. Our findings highlight 
the importance of careful mapping of structural variations within fixed TEs in the 
human population, and argue for their inclusion in complex trait genetics as a layer 
of genetic variation that may, in some cases, confer the actual disease susceptibility 
to a GWAS-identified locus.
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Results
SVAs are a major contributor to inter-individual structural variation
In our search for structural variations in TEs that may be associated with differential 
susceptibility to neurological disorders, we first determined which TEs are likely to 
play a regulatory role in human neuronal gene expression. We specifically focused 
on TEs active in neuronal cells, because previous research has associated aberrant 
TE activation with several neurological disorders (Bragg et al. 2017; Frank et al. 2005; 
Guo et al. 2018; Wanhe Li et al. 2013; Shpyleva et al. 2018; Van Meter et al. 2014). 
To detect TEs that may have a regulatory influence on nearby genes in neuronal 
cells, we performed chromatin immunoprecipitation followed by deep sequencing 
(ChIP-seq) for the enhancer-associated marker EP300 in human embryonic stem 
cell (hESC)-derived cortical organoids (Eiraku et al. 2008; Visel et al. 2009). Highest 
neuronal EP300 enrichment on TEs was observed for the active classes of TEs 
in our genome, including LINEs and all members of the SVA family (Figure 1A-
B). These data support previously published findings in which histone ChIP-seq 
showed SVAs become active in a neuronal environment (Pontis et al. 2019).

For the top 20 neuronally active TE classes, we analysed inter-individual structural 
variations. We used data from the recently published ‘patched human reference 
genome assembly’ based on 15 human genomes sequenced by PacBio long read 
sequencing (Audano et al. 2019). In this assembly, structural variants of 50 base pairs 
(bp) or greater identified in any of the 15 individuals were included as alternate loci 
to improve the representation of allelic diversity in the reference assembly. Whereas 
a low level of structural variation was identified for almost all classes, we found an 
extraordinarily high level of structural variation in SVA elements (Figure 1C). Almost 
half of full-length SVAs were structurally variable in the human population. The 
biggest contribution came from SVA-D, SVA-E and SVA-F elements, representing 
the evolutionarily youngest classes of SVAs which contain the largest VNTR region. 
This region was highly enriched for structural variations, together with the 5’ region 
which contains a hexamer repeat (Figure 1D, Supplemental Figure S1A). Most 
variations observed in SVAs were between 50-200 bp (Figure 1E), but ~20% of the 
variations were larger than 200 bp in size.

To validate these findings and to assess if any additional structural variation in SVA 
elements was not correctly captured, we performed an additional BLAST-alignment-
based analysis on 5 of the PacBio genome assemblies (Supplemental Table S1). 
We focused on SVA sequences present on Chromosome 1 in the GRCh38 assembly 
as a proof of principle, and included small structural variations (20-50 bp difference 
in SVA size) that were not included in previous analyses (Audano et al. 2019). We 
observed structural variation within 49.1% of full-length SVAs present on Chr1, a 
slight increase over what was discovered in our first analysis. Structural variation 
was primarily observed in the centre (VNTR) and 5’ (hexamer) region of the SVA 



A hidden layer of structural variation in transposable 
elements reveals potential genetic modifiers in human disease-risk loci

55

2

Human Hominid Hominoid Primate

LT
R1

2C
LT

R1
2E

Alu
Ya

5
Alu

Yb
8

Al
uY

b9

Alu
Yd

8

Alu
Ye

5

Alu
Yg

6

Alu
Yi6

Alu
Yk

4

ME
R5

2A

ME
R5

2C

ME
R5

2D

SV
A-

A
SV

A-
C

SV
A-

B

L1
HS

SV
A-

D

SV
A-

E
SV

A-
F

%
 o

f e
le

m
en

ts
 w

ith
st

ru
ct

ur
al

 v
ar

ia
tio

n

0

20

40

60

80

0

10

20

30

40

LT
R1

2C
LT

R1
2E

Alu
Ya

5

Alu
Yb

8
Al

uY
b9

Alu
Yd

8
Alu

Ye
5

Alu
Yg

6

Alu
Yi6

Alu
Yk

4

ME
R5

2A

ME
R5

2C

ME
R5

2D

SV
A-

A

SV
A-

C
SV

A-
B

L1
HS

SV
A-

D
SV

A-
E

SV
A-

F%
 o

f e
le

m
en

ts
 w

ith
E

P
30

0 
m

ar
k

Human Hominid Hominoid Primate

0.1
0.3
0.5

de
pt

h

EP300

S
V

A
s

-2kb SVA +2kb

0.1
0.3
0.5

EP300

S
V

A
s

-2kb SVA +2kb
0.0
0.2
0.4
0.6
0.8
1.0
1.2

hESC Cort. organoids

de
pt

h

S
V

-S
V

A
s

0.0
0.1
0.2
0.3
0.4
0.5
0.6 SV

SINEVNTRAlu6 SINEVNTRAlu6

A B

C D

E F

0
100
200
300
400

−750 −500 −250 −50 50 250 500 750
SV sizes (bp)

co
un

t

del
ins

1500
2000
2500

Chr16:31,103,547-31,105,803

SVA

1 kb
amp.

HG00733

NA19240

h1:
h2:

h1:
h2:

h1:
h2:

HG02818
h1:
h2:

NA12878
h1:
h2:

ref
+326

+521
+424

+424
+521

ref
ref

-29
+521

G Chr16:31,103,565-31,105,709 - BCKDK-SVA Chr2:127,118,897-127,120,492 - BIN1-SVAH

HG00733

HG00514

NA19240

h1:
h2:

h1:
h2:

h1:
h2:

HG02818
h1:
h2:

NA12878
h1:
h2:

+158
+158

+146
+146

+63
+501

+146

+146
+32

+501

NA12329
h1:
h2:

+146
-528

NA12329
h1:
h2:

+754
+521

SINE VNTR

+100 +226

+50 +471
+50 +374

+50 +471
+49

+50 +374
+50 +471

+283 +471
+50 +471

SINEVNTRAlu6

+12
+12

+146
+146

+146
+146

+146

+147
+146

+354

+146
+12 +20

+147+354

HG00514

Figure 1: SVAs are a major contributor to inter-individual structural variation. A, 
Percentage of transposable elements with EP300 enhancer mark in cortical organoids; top 
20 enriched elements are shown. B, Coverage heatmaps at full length SVAs (GRCh37) in 
hESCs and cortical organoids for EP300 (hESCs: average of 2 replicates, cortical organoids: 
average of 2 biological and 2 technical replicates). Bottom grey box: average size SVAs. C, 
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The distribution of structural variation between SVA classes was comparable to 
previous analysis, with most SV-SVA elements belonging to the youngest types. 

To rule out sequencing or assembly errors leading to the observed variation, we 
selected five human-specific SVAs in which to validate the structural variations by 
PCR analysis. We confirmed structural variations within all five studied SVAs in a 
platform of 236 human genomic DNA samples (Figure 1F, Supplemental Figure 
S1B-G) and observed differences in size up to 1000 bp. For the SV-SVAs most 
extensively analysed (PCR on 81 and 236 genomes) we found additional variations 
not observed in the initially sequenced human genomes. We therefore used recently 
published phased genome assemblies (Ebert et al. 2021) and were able to trace 
all variants observed by PCR analysis in the haplotype-specific sequencing data 
(Figure 1F-H, Supplemental Figure S1B). This suggests the actual variability 
in SVAs may be even higher in the population than we found based on the 15 
unphased PacBio genomes (Audano et al. 2019). Together these data reveal that 
SVA elements are a major source of structural variation between individuals.

SV-SVAs reside in gene-regulatory regions
We next determined whether SV-SVAs have the potential to influence gene 
expression. Previous studies have shown that SVAs have strong gene-regulatory 
potential and are identified as cis-regulatory elements by epigenetic marks (Bragg 
et al. 2017; Jacobs et al. 2014; Pontis et al. 2019; Savage et al. 2013, 2014; Trizzino 
et al. 2017). In addition, SVAs are enriched in open and active chromatin regions 
in numerous tissues and senescent cells, and show active epigenetic marks in the 
brain (De Cecco et al. 2013; Pontis et al. 2019; Trizzino, Kapusta, and Brown 2018). 
In further support of the regulatory potential of SVA elements, we showed that 
an SVA-F element upstream of a minimal promoter induced an 11.5× increase in 
luciferase activity relative to the empty vector control in mouse ESCs (mESCs) (P = 
0.00227, 2-sided t-test with Bonferroni correction; Figure 2A). mESCs were used to 
fully assess the SVA’s regulatory potential using an approach described in Jacobs 
et al. (2014), in which SVA activity is measured in a cellular model system that 
lacks KRAB zinc finger proteins, a family of endogenous SVA repressors found in 

Percentage of ‘full-length’ TEs per class with structural variation based on Audano et al. 
(2019), grouped by species they originated in. D, Relative abundance of structural variation 
(left) and corresponding coverage heatmap (right) showing most structural variation resides 
in the VNTR region of SVAs. Approximate SVA structure is shown below. E, Distribution of 
structural variation (SV) sizes for insertions (ins) and deletions (del) in SVAs. F, Example of 
structural variants for SVA in PCR-amplified region Chr16:31,103,547-31,105,803 (GRCh38 
assembly). PCR amplified region shown in red. G-H, Schematic overview of SV-SVAs 
in phased assemblies of Ebert et al. (2021) of listed genomes for specified regions with 
approximate size shown. Estimated location of insertions (blue) and deletions (red) compared 
to reference genome.
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Figure 2: SV-SVAs reside in gene-regulatory regions. A, Luciferase activity of construct 
without (EV) and with an SVA element (SVA_F) upstream of a minimal promoter (P) in mESCs. 
N3n9, 2-sided t-test with Bonferroni correction, ** = P < 0.01. Error bars: standard error of 
the mean (SEM). B, Distribution of SV-SVAs (red) and non-SV-SVAs (grey) per distance to 
TSS. Only SVAs > 1 kb shown. C, Number of SV-SVAs and non-SV-SVAs that are intragenic 
is comparable (χ2(1, N = 2,154) = 1.10, P = 0.29). Only SVAs > 1,000 bp shown. D, Boxplots 
showing base mean expression ratio (human/rhesus) for transcripts with an intragenic SVA 
in humans (white; 1,151) and without (grey; 23,296) in ESC-derived cortical organoids of 1 to 
5 weeks old. Red line shows 95% CI of 10,000× bootstrapped median of transcripts without 
an SVA with sample size of 1,151. Wilcoxon rank sum test, **** = P < 0.0001, *** = P < 0.001, 
** = P < 0.01, ns = not significant.

primates. A much lower but still significant enhancement of luciferase activity by the 
SVA-F element was also observed under conditions of KRAB zinc finger-mediated 
repression by the recently identified SVA-repressor ZNF91 (P = 0.00441, 2-sided 
t-test with Bonferroni correction; Figure 2A) (Haring et al. 2021; Jacobs et al. 2014).

SVAs have also been shown to influence gene expression through insertion near 
or within genes (Bragg et al. 2017; Haring et al. 2021; Jacobs et al. 2014; Trizzino, 
Kapusta, and Brown 2018). We found that 82% of SV-SVAs are located less than 
50 kb from a transcription start site (TSS) (Figure 2B), 1.33× more than expected by 
random distribution throughout the genome (P < 2.2 × 10-16, chi-square test). This 
is in line with previous research showing a higher than expected number of SVAs 
in genic regions (Savage et al. 2013). SVAs in active chromatin regions are known 
to preferentially reside in gene bodies, suggesting they may function as intronic 
regulatory elements (Trizzino, Kapusta, and Brown 2018). We found that a high 
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percentage (51.4%) of SV-SVAs were intragenic, which was comparable to non-SV-
SVAs (P = 0.29, chi-square test; Figure 2C). This supports findings from previous 
work, where additionally a positive correlation between SVA number and gene 
transcription was found (Gianfrancesco et al. 2019). To further analyse the intronic 
regulatory effect of SVAs on a genome-wide level, we compared the expression 
levels of genes with and without an intragenic SVA in cortical organoids derived 
from human and rhesus macaque embryonic stem cells (Field et al. 2019). Notably, 
rhesus macaques, like all non-great-ape species, do not contain any SVAs in their 
genome. Human genes with an intragenic SVA displayed a modest but significant 
increase in expression levels compared to the non-SVA ortholog in rhesus. This 
difference was not observed for genes that lack intragenic SVAs in both human 
and rhesus (Figure 2D, Supplemental Figure S2). These data provide support 
for an intronic regulatory role of SVAs. The location of SV-SVAs in close proximity 
to or within genes is consistent with the hypothesis that these SVAs may have 
gene-regulatory potential, and that structural variability within these elements could 
differentially regulate nearby genes.

Disorder-associated loci identified by GWAS are rich in SV-SVAs
Previous research showed that insertional polymorphisms of TEs are in LD with trait-
associated SNPs, constituting a potential causative genetic variant for numerous 
human phenotypes (Payer et al. 2017). We extended this approach beyond TE-
insertional polymorphisms, asking whether we could detect SV-SVAs in LD with 
established neurological disorder-associated SNPs, which could thus have possible 
involvement in the development of these conditions. Using reported SNPs from 
the NHGRI-EBI catalog as source, we considered a variety of complex diseases 
with a presumed major genetic component, and searched for SVAs within disorder-
associated LD blocks. We determined the presence of SVAs in disorder-associated 
LD blocks in AD, PD, bipolar disorder, amyotrophic lateral sclerosis (ALS), autism 
spectrum disorder (ASD), multiple sclerosis (MS) and schizophrenia. AD-associated 
LD blocks contained 13 SVAs (in 12 out of 94 LD blocks) and PD-associated LD 
blocks contained 23 SVAs (in 19 out of 114 LD blocks). A substantial number of 
SVAs were also found in LD blocks associated with schizophrenia (69 SVAs in 59 
out of 470 blocks), ASD (38 SVAs in 28 out of 178 blocks), bipolar disorder (36 SVAs 
in 21 out of 151 blocks) and MS (19 SVAs in 13 out of 198 blocks). Only one SVA was 
found in ALS-associated LD blocks, but the number of identified ALS-associated 
loci was also low (15 loci). The number of SVAs located within LD blocks was higher 
than the number expected by random distribution of the elements for PD (2.6×, P < 
.00001, chi-square test), ASD (2.1×, P < .00001), bipolar disorder (2.3×, P < .00001), 
schizophrenia (1.6×, P = .000106), and MS (1.9×, P = .00555), but not for AD (1.7×, 
P = .0545), neuroblastoma (1.7×, P = .586), or ALS (1.3×, P = .868).
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Figure 3: SV-SVAs reside in Parkinson’s and Alzheimer’s disease-associated LD blocks. 
A-B, Regional SNP association plots with SV-SVAs (red) shown in LD blocks of PD (blue) (A) 
and AD (grey) (B). The associated SNPs (AD; de Rojas et al., 2021, PD; Nalls et al., 2019) 
are plotted with their respective meta-analysis genome-wide significant P-values (GWS 
(Genome-wide significance), P < 5 × 10−8; as −log10 values) and are distinguished by linkage 
disequilibrium (r2) of nearby SNPs on a blue to red scale, from r2  =  0 to 1, based on pairwise 
r2 values from the 1000 Genomes Phase3 (ALL) reference panel. Gene annotations: NCBI 
RefSeq Select database. Assembly GRCh37, scale in Mb.
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We further focused our investigation on PD- and AD-associated loci, as aging is 
the greatest risk factor for those diseases, and the epigenetic changes associated 
with aging can uncover the hidden regulatory potential of TEs (Guo et al. 2018; 
Wanhe Li et al. 2013). For PD, 23 SVAs were located within 19 LD blocks, of which 
nine SVAs were structurally variable, and one showed insertional polymorphisms 
in the population (Figure 3A, Supplemental Figure S3A). SV-SVAs were also 
found intronic or close to the TSS of three other well-studied PD-associated genes: 
NURR1, SYT11, and PARK7 (Supplemental Figure S4A) (Jankovic, Chen, and Le 
2005; Nalls et al. 2014, 2019; Simón-Sánchez et al. 2009). For AD, the 13 SVAs found 
within those LD blocks were located near highly validated AD risk genes including 
BIN1, PICALM and CD2AP (Figure 3B) (Hamza et al. 2010; Jansen et al. 2019; 
Schwartzentruber et al. 2021). Eight of these SVAs were found to be structurally 
variable (Figure 3B, Supplemental Figure S3B). SV-SVAs were also found intronic 
or close to the TSS of five other well-studied AD-associated genes: MS4A1, BACE1, 
PSEN1, DMXL1 and SPRED2 (Supplemental Figure S4B) (Kelleher and Shen 2017; 
Ma, Yu, and Tan 2015; Schwartzentruber et al. 2021; Sherva et al. 2014; Yu et al. 
2016). The GWAS upon which the LD blocks were based were performed without 
accurate knowledge of the level of structural variation in TEs. Our analysis suggests 
that like any other structural variation near the tag SNPs, structurally variable SVAs 
need to be considered as candidate causal factors for the disease risk contained 
within these loci. This emphasizes the need to assess the gene-regulatory roles of 
these specific SV-SVAs in more detail.

SVA variants are associated with disease-risk SNPs and have differential 
gene-regulatory potential
Based on the regulatory potential of SVAs and their presence in neurological 
disease-associated loci, we hypothesized that structural variation within SVAs 
could be a causal factor in disease risk for a number of GWAS-identified trait loci. 
To test this, we first focused on two human-specific SV-SVAs in loci associated with 
AD and PD. One of these SVAs was chosen as an example of an SVA nearby a gene 
body, and the other of an SVA in a gene-poor region. Structural variants of these 
SVAs were identified by PCR, and the presence of the disease-associated tag SNP 
was determined by Sanger sequencing. We focused on individuals homozygous 
for specific SVA structural variants, to ensure a correct association between the 
risk SNP and the presence of a certain SVA variant. The first SV-SVA we selected 
is located 2.7 kb from the TSS of the gene encoding for branched chain ketoacid 
dehydrogenase kinase (BCKDK) (Figure 3A, Figure 4A-B). This gene has an exonic 
SNP, rs14235, for which the minor (risk) allele is associated with a 1.17× to 1.36× 
increase in mean Lewy body count (P < 0.041-0.0026) (Heckman et al. 2017; Nalls 
et al. 2014). The putative mechanism of involvement of BCKDK in PD development 
is not entirely clear, but the nearby gene KAT8 which resides in the same LD 
block may influence PD by modulating autophagic flux (Chang et al. 2017). We 
identified multiple structural variants for the nearby SVA by PCR analysis (Figure 1F, 
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Figure 4: Structurally variable SVA near BCKDK links to disease-associated SNP and 
has the potential to differentially regulate nearby genes. A, Overview of LD block for 
rs14235, with area r2 > 0.8 highlighted in grey. Approximate location of SVA marked with 
black triangle. B, rs14235 genotyping analysis for individuals homozygotic for BCKDK-SVA 
variants -600 (n = 2), ref (n = 23), +150 (n = 34), and +500 (n = 18). Ancestral allele = G, risk 
allele = A. Fisher’s exact test: P < 2.2 × 10-16. C, Schematic overview of luciferase constructs 
(P = minimal promoter, LU = luciferase gene) with BCKDK-SVA variants (Chr16:31,103,547-
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31,105,803 GRCh38), with corresponding luciferase activity in transfected mESCs. N3n9, 
except BCKDK-SVA ref (n = 8). One-way ANOVA with Tukey’s multiple comparison, **** = P 
< 0.0001, * = P < 0.05. Error bars: SEM. D, Analysis of eQTL data in cortex for rs14235 for 
genes within the LD block with r2 > 0.8. Normalized expression shown. Genes considered 
significant are shown in a red box. E, KO of the SVA repressor ZNF91 lowers H3K27ac at the 
promoter of BCKDK and increases H3K4me3 methylation at the SVA near BCKDK in hESCs. 
ACTB shown as control enhancer region. Top: overview of locus, bottom: magnification of 
regions of interest.

Supplemental Figure S1F), and analysed rs14235 in 76 individuals homozygous 
for each structural variant of the nwearby SVA. There was a significant relationship 
between the SNP alleles and the SVA structural variants (​​P < 2.2 × 10-16, Fisher’s exact 
test). The minor (risk) allele was exclusively observed in individuals containing the 
SVA variant with either -528 bp or +146 bp structural variations, while all individuals 
with the reference variant and the +500 bp SVA variant were homozygous for the 
ancestral (major) allele (Figure 4B). This indicates a strong link between specific 
structural variants of the SVA in this locus and the disease-associated haplotype 
identified by GWAS. This makes the SVA near BCKDK a potential candidate for 
carrying the actual mechanistic cause for the association of the minor (risk) allele of 
rs14235 with increased Lewy body count and increased risk of PD.

We next examined whether each of the SVA structural variants associated with the 
minor (risk) allele exhibited different gene-regulatory potential. Both SVA variants 
(+146 bp and -528 bp) that consistently occur in conjunction with the minor allele 
showed significantly reduced gene-regulatory potential compared to the reference 
variant/ancestral allele (P < 0.0001, two-way ANOVA, Tukey’s multiple comparison; 
Figure 4C). The difference in reporter gene expression between the +146 bp variant 
and the reference SVA was still observed following the overexpression of ZNF91, a 
factor mediating strong repression of SVAs in a human-cellular context (P = 0.0274, 
two-way ANOVA, Tukey’s multiple comparison; Supplemental Figure S5A). This 
demonstrates that structural variations within the SVA near BCKDK harbour highly 
differential gene-regulatory potential, and each of these SVA variants may therefore 
have different effects on nearby gene expression. 

We next determined whether the presence of different SVA structural variants could 
also influence gene expression in vivo. Based on the knowledge that the rs14235 
SNP allele was significantly associated with the structural variant of the nearby SVA, 
we compared eQTL data for rs14235 in brain tissue. We examined expression data 
from cortex and substantia nigra, two well-studied brain areas involved in PD, and 
found rs14235 was significantly associated with VKORC1 and KAT8 expression in 
cortex (Figure 4D). KAT8 expression in the cortex was decreased in the presence 
of the minor (risk) allele for SNP rs14235. KAT8 expression in substantia nigra 
displayed a trend in the same direction (Supplemental Figure S5C). These data are 
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SEM. D, Analysis of eQTL data in cerebellar hemisphere for rs10166461 and BIN1. E, KO 
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consistent with the observed repressive regulatory effect of the two SVA variants that 
coincide with the minor (risk) allele (Figure 4B-D). Individuals with the minor (risk) 
allele also showed decreased expression of KAT8, ZNF646, PRSS36 and RP11-
196G in other brain areas. No association of rs14235 with BCKDK expression levels 
was found. To further assess the regulatory effect of the SVA in this locus, we asked 
whether ectopic activation of the SVA would lead to changes in epigenetic marks 
in the BCKDK locus. We previously showed that in human ESCs carrying a ZNF91 
genetic deletion, SVAs become epigenetically activated (Haring et al. 2021). This is 
also the case for the SVA near BCKDK, which showed an increase in H3K4me3 in 
ZNF91 knockout (KO) hESCs (Figure 4E). We also found epigenetic alterations at 
the BCKDK promoter, indicating that in human ESCs, the ectopic activation of the 
upstream SVA affected the epigenetic state of the BCKDK promoter.

The second SV-SVA we analysed is located 12 kb upstream of the TSS of the 
AD-associated gene BIN1. The upstream region of this gene has been named the 
second-most important susceptibility locus in late-onset AD (LOAD) (http://www.
alzgene.org). BIN1 colocalizes and interacts with tau protein, and SNPs upstream 
of BIN1 have been linked to increased expression of the gene and risk for LOAD 
(Carrasquillo et al. 2011; Chapuis et al. 2013; Hu et al. 2011; J.-C. Lambert et 
al. 2011, 2013; J. H. Lee et al. 2011; Masoodi et al. 2013; Seshadri et al. 2010; 
Wijsman et al. 2011). The upstream region of BIN1 contains a structurally variable 
SVA (Figure 3B, Figure 5A-B) (Chr2:127,118,897-127,120,492, GRCh38), located 
just 17 kb from the AD-associated risk SNP rs10166461 (allele effect -0.2636, P 
= 3.82 × 10-6) (Beecham et al. 2014). In a similar PCR validation to determine the 
association of SVA variants with the AD-associated SNP rs10166461, we found that 
the risk allele was more often observed in individuals carrying the +424 bp or +521 
bp (~+500) SVA variant, and although the number of sequenced individuals was 
limited, we found a significant association between SNP allele and SVA variant (P 
= 0.011, Fisher’s exact test; Figure 5B). Structural variants of this SVA associated 
with the minor (risk) allele showed significant differential regulatory potential in the 
luciferase reporter assay (P < 0.05, two-way ANOVA, Tukey’s multiple comparison; 
Figure 5C). In the presence of the SVA repressor ZNF91 this difference was not 
maintained. Furthermore, eQTL analysis revealed that individuals carrying the 
risk allele of rs10166461 displayed significantly lower expression of BIN1, but 
this effect was only observed in the cerebellum (Figure 5D). Despite the apparent 
tissue-specific association between rs10166461 and changes in BIN1 expression, 
the direction of the gene expression effect corresponded with the results of our 
luciferase assays, in which the +424 bp variant (most often present in individuals 
with the risk allele of rs10166461) had a significantly lower regulatory potential than 
the reference SVA variant (Figure 5C). Consistent with the cerebellum-specific 
association of rs10166461 with differences in BIN1 expression, in cortical organoids 
we found no significant alterations for H3K4me3 and H3K27ac histone marks in the 
BIN1 locus under ZNF91 KO conditions (Figure 5E). We also examined eQTL data 
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for other SV-SVAs in AD and PD loci. Significant differential expression associations 
for SNPs within the LD blocks overlapping these SVAs were observed for numerous 
genes, including CD2AP, HLA-DRB1/5/6, PICALM, MS4A6A, MS4A4E, and APOE 
(see Supplemental Table S2). Together, these data show the relationship between 
SV-SVAs and GWAS-identified risk SNPs, and suggest that these SVA variants 
could potentially be involved in disease susceptibility through gene regulation in 
these loci. Further functional research on specific loci remains necessary to fully 
understand which and how SV-SVAs may contribute to disease development. 
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Genetic deletion of SVA elements in AD/PD loci alters the epigenome 
and nearby gene expression
To further investigate the gene-regulatory role of the SVAs in the BCKDK and BIN1 
loci, we engineered genetic deletions of the SVAs in hESCs using CRISPR-Cas9 
technology. BIN1-SVA KO and BCKDK-SVA KO hESCs were subsequently directed 
into a neuronal fate by generating cortical organoids to analyse the regulatory 
effect of the SVAs in a neuronal context (Figure 6, Supplemental Figures S6, S7). 
Five weeks after the onset of neuronal differentiation, organoids were harvested 
for RNA-seq and ChIP-seq. We supplemented a transcriptomic profile of the loci 
in the respective SVA KO cells with ChIP-seq profiles of H3K4me3 and H3K27ac 
epigenetic marks to identify genes that may be under regulatory influence of the 
SVA. 

Genetic deletion of the SVA located in the BCKDK locus resulted in a statistically 
significant reduction in H3K4me3 at the promoters of BCKDK, VKORC1 and STX4 
(Figure 6A-B, Supplemental Table S3). While we observed an increase of H3K4me3 
signal in part of the promoter of KAT8 and PRSS36, this result did not reach the 
threshold of significance. No significant changes were observed for H3K27ac, which 
was detected at a much lower level overall (Figure 6C, Supplemental Table S3). 
Despite the clear changes in histone marks, the RNA expression levels of BCKDK, 
VKORC1, STX4 or KAT8 were not significantly altered in BCKDK-SVA KO neurons. 
Instead, the deletion of the SVA in the BCKDK locus resulted in a strong increase 
in expression of the gene encoding RNA-binding protein FUS (FUS; adjusted P = 
1.53 × 10-11, DESeq2), located approximately 75 kb from the deletion site (Figure 
6D). While no direct link has been reported for FUS with PD, this gene is linked 
to other neurodegenerative diseases such as ALS, frontotemporal dementia (FTD) 
and essential tremor (ET) (Deng, Gao, and Jankovic 2014; Kwiatkowski et al. 2009; 
Mackenzie, Rademakers, and Neumann 2010; Vance et al. 2009; Wu et al. 2013). 
The expression of FUS was previously shown to be controlled by an SVA directly 
upstream of the FUS gene, which further supports our current observations (Savage 
et al. 2014). None of the other 61 genes in a window of 1 Mb up- and downstream 
of the SVA showed differential expression upon SVA deletion, with the exception 
of SRCAP, located 404 kb from the SVA (Supplemental Figure S8). Removal of 
the SVA 12 kb from the TSS of BIN1 did not result in detectable epigenetic and 
transcriptional changes in the locus in the context of the cortex model system we 
used (Supplemental Figure S6), but this may reflect the selective cerebellum-
specific association of BIN1 expression with the risk allele and its associated SVA 
variant (Figure 5D). Therefore, use of a model system for cerebellum rather than 
cortex may be important for investigating the effect of SVA KO in the BIN1 locus. 

In a final approach, we aimed to investigate the gene-regulatory role of an intronic 
SVA in CD2AP, another AD-associated gene (Figure 3B). We engineered a genetic 
deletion of the SVA in hESCs using CRISPR-Cas9 (Figure 7A) and generated 
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cortical organoids from the CD2AP-SVA KO hESCs. We performed targeted mRNA 
enrichment prior to RNA-seq (RNA CaptureSeq) to specifically enrich for transcripts 
derived from the CD2AP locus and 38 other unrelated control genes, allowing us 
to track the expression levels of each of the CD2AP exons separately. This was 
important because intronic SVAs may differentially influence the expression level 
of exons up- and downstream of the SVA, as is observed for a pathogenic intronic 
SVA that leads to X-linked dystonia-parkinsonism (Bragg et al. 2017). Furthermore, 
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this RNA CaptureSeq approach increased the overall resolution of the selected 
gene transcripts, allowing for a more accurate assessment of the consequences 
of removal of the intronic SVA for CD2AP gene expression (Figure 7B). DESeq2 
analysis comparing gene expression in CD2AP-SVA KO cortical organoids to 
unedited control organoids revealed significantly lower expression levels for all 
CD2AP exons downstream of the SVA insertion site (Figure 7C). Of the two exons 
upstream of the SVA, exon 1 was not significantly affected by SVA removal, and only 
a modest reduction was observed for exon 2. Although the final exon of the nearby 
gene TNRFSF21 also showed a difference in expression between KO and unedited 
control, a consistent change in expression levels for TNRFSF21 was not observed 
(Figure 7D). No significant differences in expression levels between CD2AP-SVA 
KO and unedited control organoids were observed for the vast majority of control 
genes residing in other genetic loci included in the RNA CaptureSeq analysis 
(Supplemental Table S4).

Taken together, these results demonstrate that structurally variable SVAs in 
important neurological disease-associated loci have the potential to affect the 
surrounding epigenome and/or transcriptome. While the genetic variants that cause 
gene-dysregulation remain undiscovered for the majority of the GWAS-identified 
disease risk loci, our data present structural variation in SVAs and other TEs as 
novel potential genetic modifiers of gene regulation in these loci. 
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Discussion
Our study reveals that structural variations in SVAs are previously unknown candidates 
for causal genetic variants not captured by conventional GWAS. Multiple lines of 
research indicate that SVAs can influence the expression of nearby genes (Bragg et 
al. 2017; De Cecco et al. 2013; Haring et al. 2021; Jacobs et al. 2014; Pontis et al. 
2019; Savage et al. 2013, 2014; Trizzino et al. 2017; Trizzino, Kapusta, and Brown 
2018), and the extensive structural variability that we observed in SVAs genome-wide 
suggests that this influence could be highly variable within the human population. 
For two SVAs analysed in detail in this study, we find that specific SVA variants are 
significantly associated with the presence of nearby risk SNPs identified in GWAS, 
whereas other variants are not. Although all individuals will carry a certain SVA in a 
disease-associated locus, the particular structural variation present within this SVA 
in each individual may have important consequences. In fact, we demonstrated 
that different SVA structural variants exhibit differential gene-regulatory potential 
in vitro. We propose that inter-individual structural variation in SVA elements may 
be an important genetic variable that may directly and functionally link to disease 
risk. Furthermore, in those cases where an SVA influences gene expression in the 
locus, the structural variation in the SVA may be an even more accurate indicator for 
disease risk than the risk SNP originally identified by GWAS. 

Previous research into structural variation within specific SVAs supports our 
hypothesis that these variations can be involved in disease. In X-linked dystonia-
parkinsonism, the length of a disease-causing SVA insertion in an intron of the TAF1 
gene displayed differential gene-regulatory potential and correlated with disease 
onset (Bragg et al. 2017). Two other SV-SVAs near ALS- and PD-associated genes 
were also shown to have differential regulatory potential, although in these cases 
the causal relationship to the disease remains unproven (Savage et al. 2013, 2014). 
Our study reveals multiple SV-SVAs in AD- and PD-associated loci that are potential 
contributors to disease susceptibility. eQTL data of SNPs in the BCKDK and BIN1 
loci showed an association of the disease-risk allele to changes in gene expression. 
Importantly, for both loci the direction of gene expression change associated with 
the risk alleles was consistent with our luciferase assay data where different SVA 
variants were explored functionally. The two SVA variants associated with the risk 
allele rs14235 in the BCKDK locus displayed an expansion (+146 bp variant) and 
deletion (-528 bp variant) relative to the reference, however both variants showed 
a significant reduction in gene regulatory potential relative to the reference in the 
luciferase reporter assay. Potential mechanisms underlying differences in regulation 
of gene expression between SVA variants remain to be explored in future work.

Removal of BCKDK and CD2AP SV-SVAs produced subtle but significant changes 
on gene expression and epigenetic landscape, whereas no change was detected 
upon deletion of the SV-SVA in the BIN1 locus. This is not completely unexpected, 
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since SV-SVAs are only one potential layer of gene regulation amongst many 
others. If SV-SVAs produced large changes in gene expression, we might expect 
the phenotypic consequences of these variations to be evident in early life. On 
the contrary, it could be the case that the influence of SV-SVAs is highly tissue- or 
condition-specific and it is not easily captured in our model systems. Structural 
variations in SVAs may be particularly important in age-related neurological 
diseases, as the epigenetic changes associated with aging could uncover the latent 
regulatory potential of these TEs (Guo et al. 2018; Wanhe Li et al. 2013). In that sense, 
SV-SVAs may contribute to the progressive character of these diseases, because 
with increased age the differences in regulatory potential of SVA variants could 
become increasingly more prominent. For the SVA in the PD-associated BCKDK 
locus, along with an influence on the epigenetic state of nearby gene promoters, 
we found a possible gene-regulatory effect on FUS, a gene located just outside of 
the PD-associated LD block. These findings are compatible with the concept that 
the causal variant within a disease-associated locus could be a gene-regulatory 
element that influences the expression of genes inside and/or outside of the LD 
block. Even though there is no strong support for a role of FUS dysregulation in 
PD, FUS has been associated with other neurodegenerative diseases such as ALS, 
FTD and ET (Deng, Gao, and Jankovic 2014; Kwiatkowski et al. 2009; Mackenzie, 
Rademakers, and Neumann 2010; Vance et al. 2009; Wu et al. 2013). In addition, 
PINK1 and PARKIN, two well-known PD-associated genes, were found to be genetic 
modifiers of FUS-induced neurodegeneration (Chen et al. 2016). Given the role of 
FUS in other neurodegenerative diseases, it is not unlikely that FUS-dysregulation, 
caused by specific SVA variants in the BCKDK locus, is in some way a contributor 
to the neuropathology in PD, but whether FUS is indeed regulated by the SVA in the 
BCKDK locus remains to be investigated in detail. 

Collectively, this study reveals an extensive level of structural variation in TEs that 
has escaped detection by SNP arrays and short-read sequencing techniques. 
Our analysis stresses the importance of accurate mapping and characterization 
of structural variations in TEs in disease-associated loci. The methods used by 
GWAS do not identify structural variations due to their repetitive nature and size, 
so there may be numerous additional risk loci where the disease association is 
caused by structural variation in TEs. Whole-genome sequencing (WGS) is perfectly 
suitable for genotyping insertional polymorphisms, however variations in repetitive 
sequences are still overlooked. Ebert et al. (2021) describe a complementary 
method to identify structural variations with haplotype-resolved assemblies 
from long-read sequencing technology, and genotype the identified structural 
variations on short-read sequencing data for further population analysis. Although 
this method allows for the discovery of structural variations on short reads, the 
limiting factor is still highly repetitive DNA regions such as SVAs, thus giving an 
underrepresentation of the true level of structural variability. Indeed, we found that 
the poor genotype quality of the specific SVAs of interest in the PanGenie callset 
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of 1000 Genomes samples (Ebert et al. 2021) made for a non-informative SVA-
eQTL analysis. In the future, a targeted genotyping of SVAs using an alternative 
genotyper may be able to improve the SVA genotyping quality using short reads. 
Alternatively, long-read sequencing may be a better technology to fully characterize 
structural variations and their association with disease, because it is estimated that 
~83% of insertions are missed with short-read-calling algorithms (Chaisson et al. 
2019). Recently haplotype-resolved assemblies have been reported, which allow for 
more sensitive structural variation discovery by taking into account both alleles for 
each locus. This strategy outputs a much more accurate representation of the total 
structural variability in the human genome, indicating that the structural variation 
dataset used in our study is an underrepresentation of the total structural variation 
in the human population. Although long-read sequencing is expensive and not yet 
widely used, it is a matter of time before it becomes the standard way to perform 
genome sequencing. The reliability of genetic disease susceptibility markers and 
predictions will be significantly enhanced once GWAS include SNPs alongside all 
other structural variations, regardless of the size of these variants or whether they 
are located within TEs. Finally, increased awareness of the hidden gene-regulatory 
potential of non-coding DNA elements and the availability of human model systems 
and genetic engineering to study functional non-coding elements will allow us 
to functionally interrogate these variants to gain a better understanding of the 
mechanism of disease. Ultimately, this may contribute to the discovery of novel 
therapeutic targets and strategies for disease treatment.
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127,120,589 (BIN1) (B), Chr2:156,367,468-156,369,760 (NURR1) (C), Chr6:32,594,140- 
32,596,897 (HLA-DRB1, last lane, faint bands) (D), and Chr6:47,504,067-47,509,821 (CD2AP) 
(E). PCR amplified region shown in red, X indicates allelic variants. F-G, Prevalence of most 
commonly observed SVA variants for SVA in amplified region Chr16:31,103,547-31,105,803 
(GRCh38 assembly) (n = 236) (F) and Chr2:127,118,846-127,120,589 (n = 81) (G).
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Supplemental Figure S2: Base mean expression ratio (human vs. rhesus) of transcripts 
with and without an intragenic SVA in humans. Boxplot showing base mean expression 
ratio (human/rhesus) for transcripts with an intragenic SVA in humans (white; 1,151) and 
without (grey; 23,296) in embryonic stem cells (ESC). Red line shows 95% CI of 10,000× 
bootstrapped median of transcripts without an SVA with sample size of 1,151. Wilcoxon rank 
sum test, **** = P < 0.0001, *** = P < 0.001, ** = P < 0.01, ns = not significant.
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Supplemental Figure S3: SV-SVAs reside in Parkinson’s and Alzheimer’s disease-
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Methods
Cell culture and SVA KO
hESCs were cultured and treated as described previously (Haring et al. 2021) 
to generate KOs of the SVAs located at Chr2:127,118,846-127,120,589, 
Chr16:31,103,565-31,105,709 and Chr6:47,505,039-47,506,780 (GRCh38) using 
the CRISPR-Cas9 system (Supplemental Figure S7B-D). Cortical organoids were 
grown based on the methods described by (Eiraku et al. 2008). See Supplemental 
Material for details and full methods. 

ChIP-seq
ChIP
ChIP on EP300 was performed as described previously (Jacobs et al. 2014), with 
an excess of EP300 antibody (C-20; sc-585 X; Lot # B0211 and Lot # E2610). For 
H3K27ac and H3K4me3 data, ChIP was based on (Vermunt et al. 2014), with 5 µg 
H3K27ac (abcam ab4729, lot #GR3303561-2) and 6 µg H3K4me3 (millipore 07-
473, lot #3394198) per sample. ChIP-seq data analysis on EP300 was performed 
as described previously (Jacobs et al. 2014). For full procedure, see Supplemental 
Material. 

Library preparation and sequencing
Paired-end indexed ChIP DNA libraries were prepared using Illumina TruSeq 
ChIP Sample Preparation Kit according to the guidelines, with minor exceptions 
(see Supplemental Material). For H3K27ac and H3K4me3 2 × 75 bp paired-end 
sequencing was performed by MAD: Dutch Genomics Service & Support Provider 
of the University of Amsterdam using a NextSeq 550 Illumina sequencer. EP300 
data were sequenced on an Illumina HiSeq 2000 sequencing device.

Enrichment TE classes
EP300 summit and peak files of replicates were merged and only peaks of which 
the summit overlapped with a repeat were kept to increase specificity. These 19,030 
peaks were used as input for the TE-analysis pipeline (https://github.com/4ureliek/
TEanalysis) (Kapusta et al. 2013) to calculate repeat classes significantly enriched 
for EP300. For the top 20 enriched elements (log2(observed number of elements 
overlapping with a EP300 peak / expected)), the percentage of elements overlapping 
with a peak was reported (obs_hits / nb_of_TE_in_genome). See Supplemental 
Table S1 for output.

RNA-seq
RNA isolation, library preparation and sequencing
Between 6 and 9 organoids were collected on day 35 after start of differentiation, 
rinsed in medium, homogenized in 400 µl TRIzol (Invitrogen) by pipetting, and stored 
at -80°C for later use. RNA was isolated according to manufacturer’s protocol 
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with DNase I treatment (Sigma-Aldrich) and cleaned-up using the RNA Clean & 
Concentrator-5 kit (Zymo Research). Libraries were generated with the TruSeq 
Stranded Total RNA Library Prep (Illumina) kit, and 2 × 75 bp paired-end reads were 
sequenced by MAD: Dutch Genomics Service & Support Provider of the University 
of Amsterdam using a NextSeq 550 Illumina sequencer.

RNA CaptureSeq 
Samples of CD2AP-SVA KO and unedited control were used for RNA CaptureSeq. 
RNA isolation of cortical organoids and library preparation were performed as 
described previously. Enrichment of targeted transcripts was performed with 
biotinylated probes from myBaits Custom RNA-seq following the manufacturer’s 
standard protocol v.5.00 (Arbor biosciences, Ref #200320-91). The cDNA libraries 
were pooled and 100 ng was used for capture. After capture, samples were amplified 
with 14 PCR cycles and purified with 1× AMPure XP beads. The sequencing was 
performed as described previously.

Data analysis
Data were analysed on the public Freiburg Galaxy server (Afgan et al. 2018; Goecks 
et al. 2010) (usegalaxy.eu). Reads were trimmed using Trimmomatic (Bolger, 
Lohse, and Usadel 2014) version 0.36.5 for paired-end reads, removing adapters 
(ILLUMINACLIP TruSeq3 paired-end), cutting when average quality per base in a 
4-base sliding window was below 20, and dropping reads below a length of 30. 
Reads were mapped using HISAT2 (Kim et al. 2019) (Galaxy Version 2.1.0+galaxy5) 
against the built-in hg38. featureCounts (Y. Liao, Smyth, and Shi 2014) (Galaxy 
Version 1.6.4+galaxy2) was used to assign reads to NCBI RefSeq hg38 features 
with -p, -d 75 -D 900 -B -C. Output was used for DESeq2 (Love, Huber, and Anders 
2014) (Galaxy Version 2.11.40.6+galaxy1) using default settings. bamCoverage 
(Galaxy Version 3.3.2.0.0) from the deepTools2 package (Ramírez et al. 2016) was 
used to generate coverage tracks (bin size 1) and scale these with a scaling factor 
based on the number of uniquely assigned reads from featureCounts. Scaled 
coverage tracks were merged using wiggletools (Zerbino et al. 2014) mean, and wig 
files transformed to bigWig files using the wigToBigWig script (http://hgdownload.
soe.ucsc.edu/admin/exe/). See Supplemental Table S3 for DESeq2 output.

Differential exon usage analysis
To visualize differential exon usage (Figure 6D, Supplemental Figure S6B-C), raw 
RNA-seq data were pre-processed and analysed with the RNA-seq analysis pipeline 
from tijsbliek, Galland, and Chouaref (2018) (https://github.com/KoesGroup/
Snakemake_hisat-DESeq), with the following modification of the featureCounts rule 
using ‘exon’ as feature type: Snakefile, line 194 featureCounts -p -t exon -g exon_id 
-T 8 -F GTF -O -M -a {input.gff} -o {output} {input.bams}. Preprocessed reads were 
mapped to hg38 and reads were assigned to NCBI RefSeq hg38 features. The read 
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count files were used as input for differential exon usage analysis. From here on 
analysis was performed in R (version 3.4.1) using the packages dplyr (Wickham et al. 
2023) (version 1.0.2), reshape2 (Wickham 2007) (version 1.4.4) and tidyr (Wickham, 
Vaughan, et al. 2024) (version 1.1.2). The NCBI RefSeq hg38 annotation file was 
modified to contain only exon information and filtered based on canonical transcript 
IDs and coding region. Read counts file was merged with prefiltered annotation file 
through a translation table and exon counts normalized to transcript per million. 
Data were displayed using ggplot2 (Wickham, Chang, et al. 2024) (version 3.3.3).

RNA CaptureSeq data analysis
RNA CaptureSeq data were pre-processed and analysed with the RNA-seq analysis 
pipeline from bliek et al. (2021) (https://github.com/BleekerLab/snakemake_rnaseq). 
Pre-processed reads were mapped to hg38, allowing up to 20 multimappers during 
the alignment. Reads were assigned to Ensembl V104, counting features for both 
transcripts and exons. From here on analysis was performed in R (version 4.1.0) 
using the packages tidyverse (Wickham et al. 2019) (version 1.3.1), reshape2 
(Wickham 2007) (version 1.4.4) and plyr (Wickham 2011) (version 1.8.6). The read 
counts file was used as input for differential exon usage analysis with DESeq2 
(Love, Huber, and Anders 2014) (version 1.32.0). To correct for variability in control 
loci presumably unaffected by SVA KO, size factor was estimated based on all 
captured genes (Supplemental Table S1) excluding genes located in the CD2AP 
locus (Figure 7A). See Supplemental Table S4 for DESeq2 output.

Structural variation analysis
Structural variant data were retrieved from Audano et al. (2019) and alternate loci 
were removed. For each repeat class of interest, regions with one or both ends 
outside the repeat that overlapped > 95% with the total repeat length were filtered 
out, to exclude full insertions from the analysis. Transposable elements that showed 
EP300 (enhancer) marks in cortical organoids were selected and the coordinates 
were extracted from RepeatMasker (UCSC Genome browser hg38). The alternate 
haplotypes were removed from each TE subclass and distribution plots were used to 
select a minimum length per TE subclass (Supplemental Table S1), which was used 
as criteria to filter the elements. All analyses were performed using GenomicRanges 
package version 1.36.1 (10.18129/B9.bioc.GenomicRanges) (Lawrence et al. 2013) 
in R version 3.6.0 (2019-04-26) (R Core Team 2019). For script, see Rcode_SVsinTEs 
in Supplemental Code. Since the annotation of SVAs in RepeatMasker for hg38 
includes many SVA fragments near one another, we merged these using the join_
sva.py code (see Supplemental Code). For Figure 1D, structural variation locations 
were plotted at SVAs using data of Audano et al. (2019) and the deepTools (Ramírez 
et al. 2016) package at the Galaxy platform (Afgan et al. 2018; Goecks et al. 2010). 
To include hexamer repeats not annotated in the RepeatMasker (hg38 assembly) as 
SVA, simple repeats at the 5’ side of SVAs with a size over 1,000 bp were merged 
with the SVA if they were within 20 bp of each other using BEDTools (Quinlan and 
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Hall 2010) merge. The structural variation data were filtered as described previously. 
Insertions were transformed into deletions for clarity of overlap (insertions were 
represented as only 1 bp overlap, which were not clearly visible in the heatmap). 
computeMatrix (Galaxy Version 3.3.2.0.0) was used to prepare the data for profile 
plotting with the following settings: regions were scaled to the mean size of SVAs 
containing structural variation (1,908 bp), --binSize 1, --sortRegions descend, 
--sortUsing mean, --missingDataAsZero True. Heatmap and coverage plots were 
generated using plotHeatmap (Galaxy Version 3.3.2.0.1) for only SV-SVAs (987). For 
Figure 1E, sizes of structural variations overlapping with SVAs were plotted in R 
(R Core Team 2019) using ggplot2 (Wickham, Chang, et al. 2024) geom_freqpoly() 
with 60 bins. The lines from 0 to 50 and -50 to 0 bp were manually removed, as 
no structural variations with these sizes were present in the data. For Figure 1G-
H, BLAST (Altschul et al. 1990) was used to search for the SVAs of interest plus 
500 bp flanks in the depicted genomes (Ebert et al. 2021), and MUSCLE (Unipro 
UGENE) (Okonechnikov et al. 2012) was used for alignment to interpret the results. 
SVA regions were determined based on the repeat browser (Fernandes et al. 2020). 
Manually curated results were visualized using Adobe Illustrator CC (Adobe Inc.). 
See Supplemental Table S1 for sequences and information about data. Analysis of 
intragenic SVAs was performed on the public European Galaxy server (usegalaxy.
eu). The hg38 NCBI RefSeq GTF file was filtered for transcripts, converted to BED12 
using Convert GTF to BED12 (Galaxy Version 357), sorted using BEDTools (Quinlan 
and Hall 2010) SortBED (Galaxy Version 2.29.2) and overlapped with SV- and non-
SV-SVAs using BEDTools (Quinlan and Hall 2010) ClosestBed (Galaxy Version 
2.29.2). TSSs were generated from the hg38 NCBI RefSeq transcript GTF file and 
the GenomicRanges package (version 1.44.0, (10.18129/B9.bioc.GenomicRanges) 
was used to determine locations relative to TSS in R (version 4.1.0) (R Core Team 
2019). See Supplemental Table S1 for information. Differences in distribution of 
SV- and non-SV-SVAs were tested using a chi-square test of independence. For 
distance to TSS: χ2(4, N = 2,154) = 7.4468, P = 0.1141. For intragenic vs non-
intragenic: χ2 (1, N = 2,154) = 1.10, P = 0.29. For number of SV-SVAs within 50kb 
of TSS: χ2 (1, N = 987) = 172.3, P < 2.2 × 10-16. For number of SVAs in AD/PD 
LD blocks: PD (23/8.8, χ2 (df: 1) = 23.195, P < .00001), ASD (38/17.8, χ2 (df: 1) 
= 23.057, P < .00001), bipolar disorder (36/15.6, χ2 (df: 1) = 26.939, P < .00001), 
schizophrenia (69/43.6, χ2 (df: 1) = 15.018, P = .000106), MS (19/10.2, χ2 (df: 1) = 
7.691, P = .00555), AD (13/7.7, χ2 (df: 1) = 3.696, P = .0545), neuroblastoma (1/0.6, 
χ2 (df: 1) = 0.296, P = .586), and ALS (1/0.8, χ2 (df: 1) = 0.0276, P = .868).

Genome-wide analysis of structural variation within TEs
Structural variations in SVAs were additionally analysed by aligning reference 
SVA sequences with SVAs identified in WGS files (GCA_002180035.3_HG00514_
prelim_3.0_genomic.fna, HG00733_prelim_1.0, HG01352_prelim_2.1, HG02059_
prelim_1.0, NA19240_prelim_3.0), using the te-polymorphisms-analysis.py script 
(see Supplemental Code). As this analysis included extensive manual interpretation 
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of output, only SVAs on Chromosome 1 were analysed in five individuals to confirm 
high structural variability in SVAs. In short, reference sequence and 500 bp flanking 
sequences were retrieved from hg38 using the Bio.SeqIO package from Biopython 
(Cock et al. 2009). lastdb (Kiełbasa et al. 2011) was used to build an index of the 
WGS files. SVA-flanking sequences with ≥ 90% similarity to reference were identified 
in the sequencing contigs using lastal (Kiełbasa et al. 2011), and the sequence in 
between the flanks with the highest similarity was stored as SVA sequence. Pairwise 
sequence alignment of reference SVA sequence and SVA sequence identified in 
contigs was performed using EMBOSS Needle or Stretcher (Myers and Miller 1988) 
to determine structural variation relative to the reference genome.

LD block analysis
Linkage disequilibrium (LD) blocks (threshold r2 ≥ 0.8) were determined with the 
SNiPA Block Annotation tool ((Arnold et al. 2015), https://snipa.helmholtz-muenchen.
de/) using the 1000 Genomes Project (Phase 3/Version 5, European population, 
GRCh37 assembly, Ensembl 87) data for SNPs from the GWAS Catalog (P ≤ 10-8) 
(MacArthur et al. 2017). SNPs for which no LD blocks could be calculated or that 
were not in LD were filtered out, and duplicate blocks were removed from the list. To 
minimize bias in calculating the percentage of LD blocks overlapping with an SVA, 
blocks completely within other blocks were removed. LD blocks were annotated 
for hg19, and overlapped with the hg19 SVA annotation (see Supplemental Table 
S1) using the UCSC Genome Browser Table Browser tool. See Supplemental 
Table S5 for downloaded files and information about LD blocks. Locus overview 
tracks were plotted using pyGenomeTracks (Lopez-Delisle et al. 2020; Ramírez 
et al. 2018) (https://pypi.org/project/pyGenomeTracks/) and regional plots were 
made using LocusZoom (AD) ((Pruim et al. 2010), https://my.locuszoom.org/) or 
the PD GWAS Locus Browser ((Grenn et al. 2020), https://pdgenetics.shinyapps.io/
GWASBrowser/). Data were used from de Rojas et al. (2021) and Nalls et al. (2019). 
Due to plotting restrictions of LocusZoom, infinite P-values (P = 0) present in the 
Rojas et al. (2021) meta-analysis for the APOE locus were transformed to 1 × 10-

320. Gene annotations were derived from NCBI RefSeq Select database, assembly 
GRCh37.

eQTL plots
Violin plots were generated for described regions and SNPs using the GTEx eQTL 
Dashboard tool (https://gtexportal.org/home/eqtlDashboardPage) on 05/20/2020 
for the cortex and substantia nigra.

Pairwise Linkage Disequilibrium
Heatmap matrices were generated using the interactive LDmatrix tool of the 
LDlink suite ((Machiela and Chanock 2015), https://ldlink.nci.nih.gov/). Data from 
the European population of the 1000 Genomes Project (Phase 3/Version 5) were 
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used to match Caucasian gDNA samples. See Supplemental Table S1 for SNPs 
included in image.

PCR
SVA and SNP amplification
SVAs were amplified from human gDNA samples of patients diagnosed with 
neurodegenerative disease, which were a kind gift from Coriell Biorepository (DNA 
panels NDPT088, NDPT087, NDPT083 from the NINDS Repository), and gDNA 
from a cohort of cognitively healthy centenarians. See Supplemental Material for 
details and full methods. For primer details, see Supplemental Table S6; for details 
on identified variants for BCKDK- and BIN1-SVA, see Supplemental Table S1 and 
Supplemental File S1.

Luciferase assay
Luciferase assays using SVAs cloned upstream of a luciferase reporter were 
performed in mouse ESCs as described previously (Jacobs et al. 2014). Details 
of primers used for cloning are provided in Supplemental Table S6. A detailed 
description and full methods are provided in Supplemental Material.

Data access
All raw and processed sequencing data generated in this study have been submitted 
to the NCBI Gene Expression Omnibus (GEO; https://www.ncbi.nlm.nih.gov/geo/) 
under the accession number GSE167409. For scripts, see Supplemental Codes. 
Plasmids and cell lines are available on request to the corresponding author.
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Abstract
Alzheimer’s disease (AD), a major cause of dementia, presents in early-onset (EOAD) 
and late-onset (LOAD) forms. While EOAD is associated with highly penetrant 
mutations in Aβ-related genes (e.g., APP, PSEN1, PSEN2), LOAD involves polygenic 
factors (~84 genes). This study explores the role of structurally variable SINE-VNTR-
Alu (SV-SVA) elements in the PICALM and PSEN1 genes, using the CRISPR-Cas9 
genome editing system. From genetically modified embryonic stem cells (ESCs) we 
generated cortical organoids carrying genetic deletions of the SVA elements in the 
PICALM and PSEN1 loci to address the regulatory properties of the SVA on neuronal 
gene expression. Gene expression was profiled using RNA CaptureSeq, aimed to 
acquire high coverage transcriptome data of a pre-specified selection of genes. 
Our analyses revealed no significant gene expression differences for the PICALM 
gene or nearby genes in the organoids where the PICALM-SVA was genetically 
removed. For PSEN1, while overall transcript levels did not show significant 
differences upon SVA removal, de novo transcript assembly of PSEN1 transcripts, 
coupled with differential expression analysis revealed elevated transcript isoform 
levels associated with nonsense mediated decay in the PSEN1-SVA KO condition. 
These preliminary findings underscore the role of some SVA elements as possible 
structurally variable genetic modifiers of AD-associated genes, providing insights 
into the complex genetic architecture of AD.
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Introduction
Alzheimer’s disease (AD) is the most common cause of dementia worldwide.  The 
neurodegenerative disease is characterised by the deposition of amyloid-β (Aβ) 
peptide in the extracellular space, leading to neurotoxicity and subsequent cell death 
(Duyckaerts, Delatour, and Potier 2009). Typically, AD is categorised into early-onset 
(EOAD) and late-onset (LOAD), based on the age of onset, set to 65 years old. EOAD 
manifests symptoms at or before 65, caused by highly penetrant mutations in genes 
involved in the production of Aβ, namely amyloid precursor protein (APP), presenilin 
1 (PSEN1), and presenilin 2 (PSEN2) (Andrade-Guerrero et al. 2023; Ayodele et al. 
2021; Wingo et al. 2012). Notably, mutations in these genes are not always linked 
to autosomal dominant transmission, as there are risk-modifiers or non-pathogenic 
variants as well. Conversely, LOAD is highly polygenic, encompassing approximately 
~84 genes with numerous low/intermediate penetrance variants identified through 
genome-wide association studies (GWAS) (Bellenguez et al. 2022).

One of the main susceptibility genes for LOAD is PICALM, encoding for a 
phosphatidylinositol binding clathrin assembly protein (Ando et al. 2022). PICALM is 
a central player in the Aβ pathway, involved in APP processing and Aβ generation 
and clearance (Ando et al. 2022; Xu, Tan, and Yu 2015; Zhao et al. 2015). It is known 
that lower gene expression of PICALM reduces Aβ clearance, whilst higher levels 
of PICALM enhances Aβ clearance (Zhao et al. 2015). While PICALM harbours 
numerous intergenic risk single nucleotide polymorphisms (SNPs) within its locus, 
no direct causative genetic variant has been identified. Interestingly, these risk 
SNPs are in close proximity to a structurally variable SINE-VNTR-Alu (SV-SVA) 
element (as detailed in chapter 1) (Figure 1A). SVA elements, a hominid-specific 
family of mobile elements still active in the human genome (Cordaux and Batzer 
2009; H. Wang et al. 2005) and possess gene-regulatory properties (Jacobs et al. 
2014; Savage et al. 2013, 2014). The PICALM-SVA lies upstream of the gene, 40kb 
away from its transcription start site (TSS) (Figure 1A), suggesting a potential role 
as a genetic driver of the disease. Previous work has demonstrated that the SVA 
in PICALM, being surrounded by risk SNPs, is polymorphic in size in the human 
population (Audano et al. 2019) (Figure 1B). The configuration of the SVA in the 
reference genome (GRCh38) is 2.353 bp and other PICALM-SVA polymorphisms 
exist with insertions of 63, 80 and 356 bp, and a deletion of 175 bp. These variations 
are located in the central segment of the SVA, in the VNTR region. 

PSEN1 gene, encoding presenilin 1, is one of the main causative factors for EOAD, 
together with PSEN2 and APP. Mutations in these genes follow an autosomal 
dominant inheritance pattern and are responsible for less than 1% of all AD cases 
(Andrade-Guerrero et al. 2023; Cacace, Sleegers, and Van Broeckhoven 2016; 
Fernández et al. 2025; Petit et al. 2022). PSEN1 alone holds 215 mutations and 
carriers start to develop symptoms between 30 and 50 years old (Cacace, Sleegers, 
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Figure 1: PICALM- and PSEN1-SVA genomic location. A-D, Architecture of PICALM (A-
B) and PSEN1 (C-D) loci, including repetitive DNA elements from RepeatMasker. SVAs are 
highlighted in blue (A) and green (C), respectively. Gene annotation from GENCODE v36. B,D, 
Zoom-in on SVAs in PICALM (B) and PSEN1 (D) loci, also showing structural variations from 
Audano et al. (2019) and a primate conservation track, pale yellow colouring reflects lack of 
sequence. A-D, Adapted from the UCSC Genome Browser.

and Van Broeckhoven 2016; De Deyn and Sleegers 2025). PSEN1 serves as the 
catalytic subunit of γ-secretase complex, involved in APP processing and Aβ 
generation. Consequently, pathological mutations in PSEN1 often result in a gain-
of-function and over-production of Aβ (De Strooper et al. 1998; Vetrivel et al. 2006). 
Similarly to the PICALM gene, PSEN1 also contains an SV-SVA element in its locus 
(Figure 1C). Here, however, the SVA is located within the gene, in its fifth intron, 
with a secondary TSS just downstream of it. Given that intronic SVAs can influence 
splicing patterns (Aneichyk et al. 2018; Pfaff, Singleton, and Kõks 2022), changes 
in its length could potentially impact the transcription of this essential gene, thereby 
contributing to the pathogenesis of the disease. Furthermore, the intronic SVA in 
PSEN1 also exists in multiple forms in the human population (Audano et al. 2019). 
The configuration of the SVA in the reference genome (GRCh38) is 2.343 bp and 
part of the population has PSEN1-SVAs that are slightly shorter, carrying deletions 
of 51 or 127 bp, present also in the VNTR region (Figure 1D). 

Both SVAs in PICALM and PSEN1, two of the most relevant genes associated with 
Alzheimer’s disease, are human-specific, as they are not present in any other primate 
species (Figure 1B, D), meaning that they were inserted in the human genome in the 
last 6 million years. Since SVAs have been co-opted in gene-regulatory networks, 
the structural variation in these SVAs, might contribute to inter-individual differences 
in gene expression and potentially modify disease risk. Indeed, both genes show 
multiple isoforms arising from alternative splicing, which might suggest a potential 
role of this element, depending on specific cell type regulation. 



Chapter 3

92

In this study we aimed to investigate the functional consequences of SV-SVAs 
located either upstream or within the key AD-associated genes, specifically PICALM 
and PSEN1 genes. By employing the CRISPR-Cas9 genome editing system, we 
engineered deletions of the PICALM- and PSEN1-SVA in human embryonic stem 
cells (hESCs) and analysed their impact on gene expression in cortical organoids, 
representing a human-neuronal context. For PSEN1-SVA we perform an exon-
level expression analysis to investigate whether specific exons are differentially 
expressed, as is the case for intronic SVAs in CD2AP gene (as detailed in chapter 
2) or in TAF1 gene, that leads to X-linked dystonia-parkinsonism (Bragg et al. 2017; 
Rosenkrantz et al. 2024). 
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deletion of SVAs in human embryonic stem cells with CRISPR-Cas9 gene editing system, 
generation of cortical organoids with the SVA KO cell lines and RNA CaptureSeq.

Results
To investigate the functional impact of SVAs in AD-associated loci, we engineered 
human embryonic stem cell (hESCs) lines carrying genetic deletions of the PICALM-
SVA and PSEN1-SVA using CRISPR-Cas9 genome editing system (Ran et al. 2013) 
(Figure 2, 3A-B). To study the effect of the SVA in a neuronal context, the SVA KO 
hESC lines were used to generate cortical organoids. We performed targeted mRNA 
enrichment prior to RNA-seq (RNA CaptureSeq) to specifically enrich for transcripts 
derived from the PICALM and PSEN1 loci, together with other unrelated control 
genes. This allowed us to track the expression levels of each exon separately. This is 
important in particular for PSEN1, because intronic SVAs may differentially influence 
the expression level of exons up- and downstream of the SVA. Furthermore, this 
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Figure 4: RNA CaptureSeq of PICALM-SVA KO. A, Overview of PICALM locus, including 
all genes targeted. Location of SVA removed by CRISPR-Cas9 KO shown in blue, in the 
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comparisons.

RNA CaptureSeq approach increased the overall resolution of the selected gene 
transcripts, allowing for a more accurate assessment of the consequences of 
removal of the SVA for PICALM and PSEN1 gene expression. 

Prior to sequencing, enrichment of the targeted transcripts was confirmed with 
qPCR, by amplifying exons in three target genes and three non-target genes in 
the wild-type (WT) condition. The targeted transcripts showed a high enrichment, 
with ΔCt values between -10 and -11 (average Ct of non-target – average Ct of 
target) (Figure 3C). RNA CaptureSeq analysis revealed a high coverage of target 
transcripts between 16,795 and 33,515 across samples and conditions (Figure 
3D). All samples showed a high percentage of raw read counts in the targeted 
transcripts, ranging around 88% for WT and PICALM-SVA KO, and 90% for PSEN1-
SVA KO (Supplemental Figure S1A). A principal component analysis based on 
the raw read counts of targeted genes showed each condition (PICALM-SVA KO, 
PSEN1-SVA KO and WT) clustered together with some spread between replicates 
(Supplemental Figure S1B). Mapping statistics can be found on Supplemental 
Table S6.
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Differential expression analysis comparing PICALM-SVA KO cortical organoids to 
unedited control cortical organoids revealed no statistically significant differential 
expression levels of genes in the PICALM locus (Figure 4). Despite both PICALM 
and EED genes showing elevated gene expression in the WT condition relatively 
to the SVA KO (P (PICALM) = 7.34 × 10-2; P (EED) = 7.20 × 10-3), neither reaches 
statistical significance after correction. Control genes residing in other genetic 
loci also showed no overall significant differences, with the exception of VKORC1 
(adjusted P = 2.52 × 10-2), located in a different chromosome (Chr16) (Supplemental 
Figure S2, Supplemental Table S8).

In PSEN1-SVA KO cortical organoids, compared to unedited control, differential 
expression analysis revealed significantly lower expression levels for RBM25 gene 
(P = 2.11 × 10-6), located upstream of PSEN1 (Figure 5A-B). PSEN1 did not exhibit 
a significant differential gene expression (P = 0.345). However, a differential exon 
usage analysis revealed two exons, third and fourth exons, upstream of the SVA 
deletion, with a higher expression in the PSEN1-SVA KO condition, compared to 
unedited controls (Figure 5C). We should note that between the PSEN1-SVA KO 
and unedited control conditions, significant differences in expression of unrelated 
control genes were also observed (Supplemental Figure S3, Supplemental Table 
S8). 
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To investigate further whether the observed differential exon usage in PSEN1 
gene is caused by alternative transcripts differentially expressed in PSEN1-SVA 
KO compared to unedited controls, we analysed the captured transcripts with 
StringTie (M. Pertea et al. 2015). StringTie is a computational method that allows for 
a de novo transcript assembly, providing an improved reconstruction of transcripts 
and expression level estimations. The accuracy of this transcript assembler was 
evaluated with GFFCompare (G. Pertea and Pertea 2020), which showed that the 
sensitivity and precision from base level to a locus level is 93.9 and 100%, and 
83.4 and 99.7, respectively (Supplemental Table S11). StringTie analysis shows no 
difference in the set of transcript-isoforms that are expressed between the PSEN1-
SVA KO and unedited control conditions (Figure 6A).
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DESeq2 analysis was performed to compare transcript counts from StringTie 
revealed 11.80× higher expression of the ENST00000555386 (Chr14:73,206,153-
73,219,396) isoform of PSEN1 (which includes the third and fourth exons), in the 
PSEN1-SVA KO compared to WT cortical organoids (P = 1.96 × 10-5). Interestingly, 
this isoform, I-374, has a premature stop codon generating a protein consisting of 
374 amino acids (Sahara et al. 1996). Thus, in normal conditions it may be expressed 
at low levels due to nonsense-mediated decay. A second shorter isoform in PSEN1, 
ENST00000555867 (Chr14:73,136,451-73,219,289), appears to be 2.40× higher 
expressed in the PSEN1-SVA KO condition (Figure 6B), but this difference does 
not reach statistical significance (P = 8.76 × 10-2). This isoform is also not predicted 
to be translated into any functional protein, as there is intron retention. No other 
transcripts in the PSEN1 locus were differentially expressed, including those of 
RBM25 gene (Supplemental Table S11).
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Discussion
Our study aimed to deepen the knowledge about structurally variable SVA elements 
and their regulatory dynamics in loci associated with both early-onset and late-onset 
Alzheimer’s disease. New SVA insertions within genes are known to create instability, 
by causing altered splicing through disruptions of splicing sites, adding new cryptic 
splice sites contained in its sequence in the sense orientation, or the exonization 
of the SVA element itself (Pfaff, Singleton, and Kõks 2022). Another mechanism 
is through the formation of highly stable G-quadruplexes within the SVA, which 
may block the progression of RNA polymerase II, leading to truncated transcripts 
(Nicoletto et al. 2024; Rosenkrantz et al. 2024). The intronic SVA insertion in the 
PSEN1 gene is not a new insertion, but instead it is fixed in the human population. 
However, inter-individual variability arises in the form of structural variation. 

While total PSEN1 gene expression levels did not change upon the deletion of 
the intronic SVA, PSEN1-SVA KO cells gene displayed elevated expression levels 
of two PSEN1 transcript isoforms that were expressed at much lower levels in 
unedited control organoids. This finding reveals that while the impact of the SVA 
on the PSEN1 locus and the expression of PSEN1 appears to be limited, it may 
have changed the expression dynamics of some of the isoforms that exist for the 
PSEN1 gene. Moreover, expression levels of RBM25 gene, located upstream of 
PSEN1, were significantly lower in the PSEN1-SVA KO cells. RBM25 (RNA binding 
motif protein 25) plays a crucial role in the global regulation of alternative splicing 
(Carlson et al. 2017) and while RBM25 itself has not been directly linked to AD, 
other RNA-binding proteins, such as RBM24 and RBM8A, have been implicated in 
AD pathogenesis. These proteins are involved in maintaining synaptic function and 
promoting neurogenesis, respectively, highlighting the importance of RNA-binding 
proteins in AD (Yao et al. 2024; Zhu et al. 2024). Additionally, RBM45 protein is 
known to aggregate in nuclear stress bodies under chronic stress conditions in 
neurons and glial cells in neurodegenerative diseases, including AD (M. Collins, 
Li, and Bowser 2020). The potential regulatory role of the SVA in PSEN1 and its 
downstream impact on RBM25 expression warrant further investigation to gain a 
deeper understanding of the regulatory mechanism.

In the PICALM gene, genetic deletion of the SVA did not result in significant gene 
expression differences in cortical organoids. While PICALM is prominently expressed 
in most tissues, it undergoes specific epigenomic regulation in microglial cells (Xiong 
et al. 2023). Recent research indicates a dynamic regulation of PICALM, with down-
regulation in early microglial stages of individuals with early AD and up-regulation in 
later stages (Sun et al. 2023). While five-week-old cortical organoids primarily consist 
of neural stem cells, cortical neurons, and intermediate progenitors, microglia cells 
are not yet present. Therefore, transcriptional changes arising from the SVA deletion 
in the PICALM locus may not be captured in our analysis. SVA mediated changes 
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could potentially be captured in in vitro models aimed at generating ESC-derived 
microglia cells. Future studies should be conducted to further explore the cell-type 
specific regulatory mechanisms involving SVAs, providing a deeper understanding 
of the intricate epigenetic dynamics of AD.

In neurodegenerative conditions like AD, ageing stands out as the primary risk factor, 
accompanied by a multitude of age-associated epigenetic changes (J.-H. Lee et al. 
2020). Mobile elements, among them SVAs, remain repressed in normal conditions 
but may become activated as part of the ageing process (Guo et al. 2018; Wanhe Li 
et al. 2013; Salazar et al. 2023). In parallel, gene expression levels of ZNF91, a critical 
repressor of SVA elements belonging to the Krüppel-associated box (KRAB) zinc 
finger protein family, significantly decreases with age (Rosenkrantz et al. 2024). This 
observation suggests that the gene-regulatory potential of SVAs in loci associated 
with neurodegenerative diseases could become more pronounced with advancing 
age, potentially contributing to the progressive nature of these diseases. Therefore, 
mimicking the age-related transcriptional changes, for instance for ZNF91, might 
help uncover the true biological impact of SVAs in AD loci.

In conclusion, this study gathers preliminary evidence of a nuanced involvement 
of SVAs in the regulation of genes in AD-risk loci. While the differential isoform 
expression observed in PSEN1 is notable, the lack of gene expression differences 
in the PICALM gene suggests the need for refining in vitro models of AD. Although 
cortical organoids introduce a neuronal background, it is crucial to consider age-
related characteristics and cell-type specifications to enhance the fidelity of these 
models. In the near future, it will be possible to correlate carriership of a certain SVA 
with the cell-type specific abundance of entire transcripts identified with single-cell 
long-read RNA-seq of human tissues, even cell-type specific. Hopefully we can 
then learn more about the influence of such SVAs on gene transcription/protein 
regulation.
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targeted transcripts per sample, with three replicates each.
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Differential gene expression in PICALM-SVA KO cortical organoids
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Supplemental Figure S2: Differential gene expression in PICALM-SVA KO cortical 
organoids. Normalised mean expression of three replicates. Adjusted P-value from DESeq2 
analysis. *** = P < 0.001, ** = P < 0.01, * = P < 0.05.
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Differential gene expression in PSEN1-SVA KO cortical organoids
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Supplemental Figure S3: Differential gene expression in PSEN1-SVA KO cortical 
organoids. Normalised mean expression of three replicates. Adjusted P-value from DESeq2 
analysis. *** = P < 0.001, ** = P < 0.01, * = P < 0.05.



Functional assessment of human-specific 
SVAs in AD-associated genes PICALM and PSEN1

103

3

Methods
Cell culture and SVA KO
hESCs were cultured and treated as described previously (Haring et al. 2021)). Plates 
were coated with 0.1% gelatin (Sigma-Aldrich) for 30 min and washed twice with 
phosphate buffered saline (PBS). Mitomycin C-treated mouse embryonic fibroblasts 
(MEFs, GlobalStem) were seeded at a density of approximately 3.17 × 104 cells/cm2 
in MEF medium (DMEM-GlutaMAX (Gibco) supplemented with 10% heat inactivated 
Fetal Bovine Serum (Gibco), 100 U/ml penicillin/100 µg/ml streptomycin (Gibco), 
1 mM sodium pyruvate (Gibco)) and incubated at 37°C, 5% CO2. The following 
day, MEF-covered plates were washed once with PBS before hESC colonies were 
seeded in hESC medium (DMEM-F12 (Gibco) supplemented with 20% KnockOut 
Serum Replacement (Gibco), 100 U/ml penicillin/100 µg/ml streptomycin (Gibco), 2 
mM GlutaMAX (Gibco), 1× MEM Non-Essential Amino Acids solution (Gibco), 100 
µM 2-mercaptoethanol (Gibco)) with 8 ng/ml fresh bFGF (Sigma-Aldrich). Medium 
was changed daily, until full-grown colonies were passaged manually using a needle 
(1:4 ratio) or used for cortical organoid differentiation.

CRISPR-Cas9-medidated knock out of SVA elements
Guide RNAs (gRNAs) were designed to KO the SVAs located at Chr11:86,109,539-
86,113,492 (PICALM-SVA) and Chr14:73,183,017-73,185,961 (PSEN1-SVA) 
(GRCh38) (Supplemental Figure S1A-B) using the CRISPR-Cas9 system (Ran et al., 
2013). The online tools CRISPOR (Concordet and Haeussler 2018) and CHOPCHOP 
(Labun et al. 2016) were used to design the gRNA sequences, considering their 
efficiency and specificity. The oligos containing the gRNA sequences were 
annealed and cloned into a pX330-U6-Chimeric_BB-CBh-hSpCas9 plasmid 
(Addgene 42230; hereafter referred to as pX330). For the transfection, hESCs were 
cultured in matrigel-coated (Corning) dishes in mouse embryonic fibroblasts (MEF)-
conditioned medium (MCM), supplemented with 8ng/ml fresh bFGF. One day prior 
to transfection, cells were plated in a 6-well plate to reach 30-60% confluency on 
the day of transfection. Cells were incubated 1 hour prior to transfection with 10 ng/
ml ROCK inhibitor (Thiazovivin, Sigma-Aldrich). 1.4 μg pX330 plasmid containing 
the up- and downstream gRNAs (Supplemental Table S1) (mixed 1:1), or pX330 
plasmid without gRNA sequence inserted, along with 20 ng pCAG-GFP (Addgene 
#11150), was transfected using Lipofectamine Stem Transfection Reagent 
(Invitrogen). After 6h, the medium was refreshed with fresh MCM supplemented 
with bFGF and ROCK inhibitor. 48 hours post-transfection, GFP-positive cells were 
selected by fluorescence-activated cell sorting (FACS) on a FACS Aria III (BD) with a 
100 μm nozzle. 3000 single cells were collected in a MEF-covered 60 mm dish and 
maintained in MCM + hESC medium (1:1) until colonies were visible, after which 
they were maintained in hESC medium. 
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Clonal expansion
Single colonies were manually transferred to matrigel-coated 96-well plates 
containing 150 μl MCM + 10 ng/ml ROCK inhibitor, 8 ng/ml bFGF, and maintained 
in MCM + bFGF until ready for passaging. KO and WT clones were identified by 
gDNA isolation followed by two PCR reactions with internal and external primer sets 
(Supplemental Figure S1A-B, Supplemental Table S1). Clones were considered 
valid knockouts when a PCR product was observed with primers flanking the deletion 
region, and no PCR product was observed with primers internal to the deletion 
region. Expanded cell lines were verified again by repeating gDNA isolation, two 
separate PCR reactions and sanger sequencing before cryopreservation of hESCs 
and cortical organoid formation.

Cortical organoids
Cortical organoids were grown based on the methods described by (Eiraku et al. 
2008). hESC colonies of 1-2 mm in diameter were lifted with a cell lifter (Corning), 
manually adjusted to fit the colony to prevent unintentional lifting of MEFs. Before 
lifting, the medium was changed to the differentiation medium (99% hESC medium 
supplemented with 1 mM sodium pyruvate (Gibco)). Colonies were transferred 
with differentiation medium to a 60 mm ultra-low attachment dish (Corning) and 
embryoid bodies were formed overnight. Medium was replaced the next day for 
differentiation medium supplemented with 3 µM IWR-1-Endo, 1 µM Dorsomorphin, 
10 µM SB-431542 hydrate, and 1 µM Cyclopamine hydrate (day 0 of differentiation). 
Medium was changed every other day with freshly added inhibitors. On day 3, 
organoids were placed on a rocker, to prevent fusion of organoids and promote 
growth. On day 18, medium was changed to Neurobasal/N2 medium (Neurobasal 
(Gibco) supplemented with 100 U/ml penicillin/100 µg/ml streptomycin (Gibco), 
2 mM GlutaMAX (Gibco), 1× N-2 supplement (Gibco)) supplemented with 1 µM 
Cyclopamine hydrate. From D24 onwards, organoids were cultured in Neurobasal/
N2 medium without inhibitors until harvest on D35.

RNA CaptureSeq
Design of capture probes
All probes were designed to target 44 genes (Supplemental Table S2), including 
all known isoforms with 5’ and 3’ untranslated regions (UTRs). All probes have 80 
nucleotides in length, however exon coordinates that were between 65-79 nucleotides 
were padded with thymines until reaching 80 nucleotides. Probes targeting highly 
repetitive regions were discarded. All regions have a 3x probe tiling to achieve a 
high probe coverage which averages the differential performance between probes. 
To allow identification of new exons or intron retention, the exon-exon junctions 
were not targeted. A non-transcribed intergenic region was included in the design to 
identify gDNA contamination (chr6:101280105-101386618, GRCh38). A fasta and 
bed files can be found in Supplemental Tables S3, S4, respectively.
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RNA isolation, library preparation and capture
Samples of PICALM-SVA KO, PSEN1-SVA KO and unedited control were used 
for RNA CaptureSeq. Between 8 organoids were collected on day 35 after start 
of differentiation, rinsed in medium, homogenised in 400 µl TRIzol (Invitrogen) by 
pipetting, and stored at -80°C for later use. RNA was isolated according to the 
manufacturer’s protocol with DNase I treatment (Sigma-Aldrich), and cleaned-up 
using the RNA Clean & Concentrator-5 kit (Zymo Research). Libraries were generated 
with the TruSeq Stranded Total RNA Library Prep (Illumina) kit. Enrichment of 
targeted transcripts was performed with biotinylated probes from myBaits Custom 
RNA-seq following the manufacturer’s standard protocol v.5.00 (Arbor biosciences, 
Ref #200320-91). The cDNA libraries were pooled and 100 ng was used for capture. 
After capture, samples were amplified with 14 PCR cycles and purified with 1× 
AMPure XP beads. 

Quantitative PCR and sequencing
To determine enrichment of the targeted transcripts a quantitative PCR (qPCR) was 
performed using Quantitect SYBR Green (QIAGEN) for three target genes CD2AP, 
PSEN1 and PAX6 and three non-targeted transcripts SMN, GAPDH and DNMT3B of 
the wild-type condition (Supplemental Table S5, Supplemental Figure S1C). After 
confirming the enrichment of targeted transcripts, 2 × 75 bp paired-end reads were 
sequenced by MAD: Dutch Genomics Service & Support Provider of the University 
of Amsterdam using a NextSeq 550 Illumina sequencer.

Data analysis
RNA CaptureSeq data was pre-processed and analysed with the RNA-seq analysis 
pipeline from (bliek et al. 2021) (https://github.com/BleekerLab/snakemake_rnaseq) 
(see RNA_CaptureSeq in Supplemental Code). Pre-processed reads were mapped 
to hg38, allowing up to 20 multimappers during the alignment. Reads were assigned 
to Ensembl V104, counting features for both transcripts and exons. Mapping 
statistics are in Supplemental Table S6. From here on analysis was performed 
in R (version 4.1.0) using the packages tidyverse (version 1.3.1), ggplot2 (version 
3.3.5), ggrepel (version 0.9.1), reshape2 (version 1.4.4), plyr (version 1.8.6) and 
tibble (version 3.1.6). The read counts file was used to calculate the depth, sum 
of all reads, and coverage of the targeted transcripts. The latter was calculated 
by multiplying the depth by the average read length (151 bp) and dividing it by the 
size of the targeted region (Supplemental Figure S1D). The percentage of reads 
from targeted and non-targeted transcripts was also calculated (Supplemental 
Figure S1E). A principal components analysis was performed on the raw read 
counts of targeted transcripts and the 2 first principal components were plotted 
(Supplemental Figure S1F). Finally, the read counts file, including only the targeted 
regions, was used as input for differential expression analysis, at both gene and 
exon levels, with DESeq2 (Love, Huber, and Anders 2014) (version 1.32.0). For 
the RNA CaptureSeq dataset, to correct for variability in control loci presumably 
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unaffected by SVA KO, size factor was estimated based on all captured genes 
excluding genes located in the locus where the SVA was removed from (Figure 
2A, 3A, Supplemental Table S2). See Supplemental Table S7, S8 for DESeq2 
output for differential gene expression in PICALM-SVA KO and PSEN1-SVA KO, 
respectively, and Supplemental Table S9 for DESeq2 output for differential exon 
expression in PSEN1-SVA KO condition. The plots of normalised expression levels 
are of canonical transcripts only (Supplemental Table S10). Supplemental Figures 
S2, S3 represent an overview of gene expression levels in PICALM-SVA KO and 
PSEN1-SVA KO, respectively, whose normalised counts are higher than 10,000.

Alternative transcripts analysis
RNA CaptureSeq data was analysed with StringTie tool (version v2.1.7b) (M. Pertea 
et al. 2015). Transcripts were assembled from the read alignments obtained with the 
RNA-seq analysis pipeline from Bliek et al. (2021), with the Ensembl V104 annotation 
file (-G) and assuming it is a stranded library (-–rf). The resulting GTF files were 
merged (--merge) to generate a non-redundant set of transcripts present in all the 
RNA CaptureSeq samples. This file is used as input for the GffCompare tool (version 
v0.12.6) (G. Pertea and Pertea 2020) to evaluate the accuracy of the transcripts 
assembled by StringTie (Supplemental Table S11). Then the first step is repeated 
but with this non-redundant set of transcripts as an annotation file (-G) to guide the 
assembly of transcripts per sample, creating a non-redundant set of transcripts per 
sample. Finally, each set of transcripts per sample was used as input for the python 
script prepDE.py3 (https://github.com/gpertea/stringtie/blob/master/prepDE.
py3) to create count matrices for genes and transcripts for differential expression 
analysis with DESeq2. For visualisations purposes, transcripts were merged per 
condition using bedtools intersect function and uploaded onto the UCSC Genome 
Browser for a screenshot of PSEN1 transcripts. 

From here on analysis was performed in R (version 4.1.0) using the packages 
tidyverse (version 1.3.1), ggplot2 (version 3.3.5), ggrepel (version 0.9.1), reshape2 
(version 1.4.4), plyr (version 1.8.6), tibble (version 3.1.6), GenomicRanges (version 
1.46.1) and DESeq2 (version 1.32.0). Transcript count matrix from StringTie 
analysis, the annotation file with the non-redundant set of transcripts and a file 
with the targeted transcripts coordinates were imported into R and transformed 
to GRanges objects. This was done to filter out any transcripts not included in the 
capture using the subsetByOverlaps() function from GenomicRanges. This file was 
used as input for DESeq2 differential expression analysis. Again, the strategy to 
correct for variability was as described previously, by estimating size factors based 
on all captured genes excluding genes located in the locus where the SVA was 
removed from (PSEN1, PAPLN and RBM25). For full scripts see StringTie_analysis 
in Supplemental Code. Finally, only transcripts arising from the PSEN1 locus were 
considered (Supplemental Table S12). Transcripts not present in the Ensembl V104 
annotation file are annotated with the prefix “MSTRG”. 
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For visualisation purposes, the canonical transcript of PSEN1 
(ENST00000324501), together with the transcripts showing a differential 
expression (ENST00000555867 and ENST00000555386) were exported from 
the ensembl website (http://jul2023.archive.ensembl.org/Homo_sapiens/Gene/
Summary?g=ENSG00000080815;r=14:73603155-73687109) and adapted in 
Figure 6B.

Acknowledgements
This work was supported by a grant from Alzheimer Nederland (WE.03-2018-07) 
to F.M.J. Jacobs, H. Holstege and M.J.T. Reinders. We thank Gonzalo Congrains 
Sotomayor for technical assistance with FACS; Wim de Leeuw for technical support 
with bioinformatics; Fred White for support with data analysis; MAD: Dutch Genomics 
Service & Support Provider of the University of Amsterdam for sequencing; and the 
Evolutionary Neurogenomics Group for helpful discussions and advice about the 
project, particularly Elise van Bree, Diana Pereira Fernandes, Colette Moses and 
Jimi Rosenkrantz.

Author contributions
F.M.J.J. and R.L.F.P.G. conceptualized the project. R.L.F.P.G. performed all 
experiments and analyses. F.M.J.J., M.J.T.R. and H.H. acquired funding for the 
study. R.L.F.P.G. and F.M.J.J. wrote the manuscript with contributions of M.J.T.R. 
and H.H.. F.M.J.J. supervised the study.





Preliminary evidence for the association of a VNTR 
in the RTEL1 gene with Alzheimer’s disease risk 
using short-read sequencing data

4
Rita LFP Guimaraes1,2, Niccolò Tesi1,3, Marc Hulsman1,3, Francesca Lucas3, Marcel 
JT Reinders3, Frank MJ Jacobs2,4, Henne Holstege1,3,4$

 
1 Section Genomics of Neurodegenerative Diseases and Aging, Department of Clinical 
Genetics, Vrije Universiteit Amsterdam, Amsterdam UMC, Amsterdam, The Netherlands
2 Evolutionary Neurogenomics, Swammerdam Institute for Life Sciences, University of 
Amsterdam, Amsterdam, The Netherlands
3 Delft Bioinformatics Lab, Delft University of Technology, The Netherland
4 Amsterdam Neuroscience, Complex Trait Genetics, University of Amsterdam, Amsterdam, 
The Netherlands

$ corresponding author





Preliminary evidence for the association of a VNTR in the RTEL1 
gene with Alzheimer’s disease risk using short-read sequencing data

111

4

Abstract
Tandem repeats are dynamic stretches of repetitive DNA with gene-regulatory 
properties which are the cause of many neurological disorders, both 
neurodevelopmental and neurodegenerative. In this study we sought to identify de 
novo variable number of tandem repeats (VNTRs) associated with Alzheimer’s Disease 
with short-read sequencing data derived from 748 AD cases and 630 controls from 
the ADSP cohort. In total, 52 VNTRs were identified using two methods of analysis: 
(1) a case-control with logistic regression models to test distribution differences 
between AD cases and controls; and (2) an outlier model, based on outlier detection 
with interquartile rule and test disease association with Fisher’s exact test. In a 
replication phase using long-read sequencing data we found a VNTR in the 30th 
intron of the RTEL1 gene whose contraction is significantly associated with AD. 
RTEL1 is an important gene involved in DNA repair, replication, transcription, and 
telomeric stability. Given that this VNTR is located within a regulatory element of 
the RTEL1 gene, VNTR length variations may affect RTEL1 expression levels. As 
this VNTR is also in the promoter region of TNFRSF6B and in the fusion transcript 
of RTEL1-TNFRSF6B, it may similarly influence their expression levels. While these 
initial findings hold promise, further exploration is required to elucidate the precise 
relationship between variations in the length of the VNTR, RTEL1 and/or TNFRSF6B 
gene expression and the risk of developing AD. 
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Introduction
Alzheimer’s disease (AD) is the most common form of dementia, a complex 
neurodegenerative disease, characterised by a steady decline of cognitive 
capabilities. AD is estimated to affect 50 million people worldwide, which is 
predicted to be tripled by 2050, making AD one of the major health challenges of the 
21st century (https://www.alzint.org/resource/numbers-of-people-with-dementia-
worldwide/). Despite enormous advances in recent years, the aetiology underlying 
AD remains elusive. Next to lifestyle factors including education, sleeping habits, 
etc. (Livingston et al. 2020), a considerable proportion of AD risk is heritable. Based 
on twin studies, the estimated heritability of sporadic AD ranges 60-80% (Gatz et 
al. 2006), with an approximate 30% of the genetic risk being attributed to the ε4 
allele of the APOE gene (Ashford and Mortimer 2002; Corder et al. 1994). Genome-
wide association studies (GWAS) have identified 85 genetic loci, marked by single 
nucleotide polymorphisms (SNPs) that are significantly associated with the risk 
of AD in the European population (Bellenguez et al. 2022). However, the SNPs 
genotyped in GWAS studies are mostly benign non-coding ‘markers’ of genetic 
regions with which they are in linkage disequilibrium (LD). Thus, most GWAS SNPs 
only ‘tag’ the AD-associated loci and do not themselves drive the association 
with disease (Edwards et al. 2013). To identify actual driving genetic elements 
within the associated genetic regions it is necessary to explore these risk loci for 
genetic elements that influence genetic expression. These may concern coding or 
noncoding variants that influence the expression of nearby genes.

In efforts to fine-map genetic risk loci identified by GWAS, structural variants such 
as deletions, insertions, or tandem repeats have not been sufficiently taken into 
account due to technical limitations (Audano et al. 2019; Linthorst et al. 2020). Of 
all structural variants, tandem repeats (TR) are among the most prevalent together 
representing ~30% of the human genome. TRs are stretches of DNA in which a 
specific sequence motif is consecutively repeated in a tandem-like fashion for 
a variable number of times. Based on the size of the repeated motif, TRs are 
distinguished between short tandem repeats (STR), with a motif size between 2 and 
6 bp, and variable number of tandem repeats (VNTRs), with a motif size larger than 
7 bp (Bakhtiari et al. 2021). TRs tend to be unstable in their number of units because 
of their repetitive nature, which increases their susceptibility to length variations 
caused by unequal recombination or slippage events during DNA replication and/
or transcription (Richard and Pâques 2000). Importantly, TRs may harbour length-
dependent gene-regulatory properties, which allows them to influence gene 
expression (Bakhtiari et al. 2021). Repeats are also specifically prevalent in human 
neuronal genes, and these may, in fact, have driven the alteration of gene expression 
levels that underlie the evolutionary changes going from primates to human lineages 
(Sulovari et al. 2019). However, the presence of polymorphic tandem repeats in 
neuronal genes also has negative consequences, as their proneness to expand 
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beyond a critical threshold may give rise to neurological disorders such as Fragile-X 
Syndrome, Huntington disease, frontotemporal dementia and amyotrophic lateral 
sclerosis (Chintalaphani et al. 2021), and AD (De Roeck et al. 2018). Together, this 
makes it especially important to consider the impact of TRs when fine-mapping 
GWAS regions in the context of neurodegenerative diseases. 

VNTR lengths were historically studied with laborious experimental methods such 
as Southern blotting, the development of high-throughput short-read genetic 
sequencing approaches allowed for investigation of VNTR-based genetic sequence. 
In this study, we analysed a short read sequencing dataset from the Alzheimer’s 
disease sequencing project (ADSP) to identify VNTR contractions or expansions 
that associate with an increased risk of AD, with motif size ≥ 7 bp, that occur in 
more than 1% of the AD cases (Schork et al. 2009).

To find potentially ‘pathogenic’ structural variants in VNTRs associated with AD, we 
compared the size of VNTRs in a sample of paired-end short-read data of 748 AD 
patients and 630 healthy controls. Since short-read sequencing reads are commonly 
too short to span the repetitive region of a complete VNTR, especially if it has 
expanded, we used the overall coverage of sequencing reads encompassing the 
repetitive sequences as an estimate of the repeat length of both alleles (Dolzhenko 
et al. 2019). With this approach, in a case control analysis, we observed that nine 
and 24 VNTRs were respectively longer and shorter in AD cases compared to 
controls, whilst 11 showed longer or shorter lengths with either the short or long 
alleles. In parallel, in an outlier analysis we observed three expansions and seven 
contractions. In total, 52 VNTRs were identified, where two overlapped in both 
analyses.

Notably, we observed similar differences in the lengths of 5 VNTRs in a novel 
independent dataset comprising long-read sequencing of 250 AD cases and 251 
non-demented controls. Since such long-reads span 10-30 Kb, they can accurately 
capture and genotype repetitive DNA sequences, which allows for an accurate 
characterization of SV-length and SV-sequence for each allele separately (Audano 
et al. 2019; Linthorst et al. 2020). The sample sizes of both the short-read and long-
read sequencing datasets are too small to reach genome-wide significance, such 
that our analysis provides preliminary evidence for the association of a contraction 
of the VNTR in the RTEL1 locus with AD. This signal will need to be replicated in a 
larger independent dataset.
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Results
An overview of our analysis pipeline is given in Figure 1. To precisely characterise 
VNTRs between cases and controls, we applied ExpansionHunter (EH) on whole 
genome-sequencing data (Illumina HiSeqX). However, as EH requires a catalog 
of VNTR regions, we first discover candidate AD-associated VNTRs using 
ExpansionHunter Denovo (EHdn), which identifies In-Repeat-Reads (IRRs) (i.e reads 
consisting of a repeating motif) for each sample (Figure 1A). EHdn then analyses 
if the coverage for each repeating region is significantly higher than the overall 
coverage as this could indicate an expanded repeat. The repeating regions for 
which there is an unusually high coverage, for either i) cases compared to controls, 
or ii) outlier cases, are reported by EHdn: these are the candidate AD-associated 
VNTRs. Because EHdn considers a subset of all aligned reads (only IRRs) and its 
size estimates are essentially a proxy for coverage, the output should be interpreted 
as an indication that a VNTR may be present at a specific location. The candidate 
AD-associated VNTRs are converted into a variant catalog and put in genomic 
context, annotating whether they fall within or near either a gene or a functional 
non-genic element (e.g. enhancer). A variant catalog is a file describing the genomic 
coordinates and motif information (motif size, motif pattern) of each repeat to be 
analysed. As EH, in the subsequent step, greatly depends on the accuracy of the 
provided coordinates and those outputted by EHdn are imprecise, we establish 
accurate start and end coordinates for each candidate AD-associated VNTR based 
on the reference genome during the variant catalog creation. Finally, we perform a 
gene set enrichment analysis for a contextual understanding.

To obtain more precise repeat size estimates, we then use ExpansionHunter (EH) to 
further analyse the candidate VNTRs identified by EHdn (Figure 1B). EH analyses 
each of the repeats from the established variant catalog, combining the information 
from multiple types of reads (spanning, flanking and anchored IRRs), and estimates 
diploid repeat sizes. After estimating repeat sizes for all candidate VNTRs for all 
samples, we identify the AD-associated VNTRs, again using a case-control setting 
as well as an outlier approach. 

To investigate whether the AD-associated VNTR are in previously identified AD 
loci, we check the genomic context for GWAS-identified SNPs associated and 
test the association through a linkage analysis (Figure 1C). Finally, we replicate 
our preliminary findings using long-read sequencing data in a smaller dataset of 
Alzheimer’s disease patients and cognitively healthy centenarians (Figure 1D).

Generation of a catalog of candidate AD-associated VNTRs 
Using ExpansionHunter Denovo (EHdn), we identified de novo VNTRs genome-
wide, i.e. without a predefined set of repeats, in a sample of 771 samples consisting 
of 452 Alzheimer’s disease cases and 319 non-demented controls from the ADSP 
cohort (Figure 1A).
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Figure 1: Overview of pipeline. A, Candidate VNTR discovery and catalog creation with 
ExpansionHunter Denovo. Grey box: schematic representation of analysis modes of 
ExpansionHunter Denovo. B, Identification of VNTRs associated with AD in a case-control 
and outlier analysis. Grey box: schematic representation of types of reads used in the 
estimation of lengths of tandem repeats. C, Association of VNTRs with known AD loci. D, 
Replication phase with long-read PacBio dataset. Circles represent the in/output data and 
rectangles represent the action done on data.
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We created a set of candidate AD-associated VNTRs using EHdn that operates 
in (i) a case-control mode, which compares the distributions of IRRs between AD 
cases and controls; and (ii) an outlier-based mode, which calculates a z-score for 
cases exceeding the mean of the compared cases + controls IRR count distribution 
(Figure 1A). The EHdn case-control mode detected 11,794 VNTRs in 452 AD cases 
and 319 controls that had longer or shorter mean lengths in AD cases compared to 
controls (see Methods), of which 923 VNTRs (7.8%) with an uncorrected P-value 
< 0.05 and a motif size ≥ 7 bp. In parallel, the EHdn outlier mode detected 319,091 
VNTRs with expansions/contractions that occur only in a subset of the AD cases 
and may not be detected by the case-control mode due to the low number of 
samples (see Methods). Of these, 1,769 VNTRs (0.6%) had lengths that were at 
least 10 standard deviations longer or shorter compared to the mean VNTR length 
of cases and controls combined (a top z-score ≥ 10), with motif size ≥7 bp, and 
were observed in at least 1% of the AD cases. Of the VNTRs returned by the case-
control analysis, 97% are also present in the output of the outlier analysis. The full 
output for both analyses can be found in Supplementary Tables S1, S2.

Candidate AD-associated VNTRs from both the case-control and outlier analysis, 
were mapped onto the GRCh38 reference genome to derive exact coordinates 
necessary for downstream analyses (see Methods, Supplemental Data). After 
this conversion, both outputs were merged to create a variant catalog of candidate 
AD-associated VNTRs. To minimise any biases coming from multiple (short) repeat 
sequences in the same locus, we combined repeats within a window of 5 kb with 
the same motif size and a motif sequence similarity of at least 80%. In addition, 
we introduced degeneracy to the motif’s DNA sequence by using the International 
Union of Pure and Applied Chemistry (IUPAC) code (see Methods). 

Our final variant catalog of candidate AD-associated VNTRs included a total of 
1,496 unique VNTRs, with motif sizes ranging from 7 to 20 bp (Supplemental Table 
S3). In total, 58.1% were previously reported as variable in length in Audano et al. 
(2019), Linthorst et al. (2020), and in a tandem repeat catalog from PacBio (https://
github.com/PacificBiosciences/trgt/blob/main/repeats/repeat_catalog.hg38.bed), 
while the remaining 40.9% may be considered as novel variations (Supplemental 
Table S3). 46.3% of the VNTRs (n = 692) were located within a gene, and 1.7% 
(n = 26) were exonic. These genic VNTRs might be exceptionally interesting for 
disease risk as they could exert a direct functional impact. 6.6% of the VNTRs (n 
= 98) were found in promoter regions, close to the transcription start site (TSS), 
which often consist of repetitive sequence, containing regulatory CpG islands 
(Vavouri and Lehner 2012). 13.8% of the VNTRs (n = 207) are located completely 
or partially within functional elements such as enhancers, regions of CTCF-binding, 
which allows the interaction between enhancers and promoters, and transcription 
factor binding sites (Pruitt et al. 2014; Pruitt, Tatusova, and Maglott 2005). Finally, 
38.2% of the VNTRs (n = 572) were in telomeric regions, which is in agreement with 
previous research (Linthorst et al. 2020; Sulovari et al. 2019).
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4
AD cases

748Total
Controls

73±14Age
37.17%EOAD

55%Female
42±4.8Coverage

151±0.7Read length
1760±150Insert size

630
87±5
NA

59%
44±5.9

151±0.6
1772±140

Table 1: Study population. Metadata of the EH-analysed samples from the ADSP cohort.

The 692 genic VNTRs mapped in 531 genes. A gene ontology (GO) analysis (see 
Methods) indicated these genes were enriched with GTPase regulator activity 
(GO:0030695, P = 2.27x10-4); regulation of signalling (GO:0023051, P = 4.79x10-7) 
and synaptic signalling (GO:0099536, P = 4.87x10-3); and they were enriched to 
localise to the membrane (GO:0016020, P = 2.92x10-14), cytoplasm (GO:0005737,​​ 
P = 3.49x10-6), and (main) axon (GO:0044304, P = 9.15x10-3) (Supplemental Table 
S4).

Association of candidate VNTRs to Alzheimer’s Disease
After the generation of the variant catalog of 1,469 candidate AD-associated VNTRs, 
we used EH to get a precise estimate of VNTR lengths for the two separate alleles 
(which we labelled as short and long). Using a logistic regression model, we then 
tested whether length distributions are associated with AD status while adjusting 
for sex, population ancestry, family relations and CRAM/BAM file statistics (Figure 
1B, case-control analysis). To increase statistical power, we accessed the new data 
release from the ADSP cohort. After quality control, we were able to include a total 
of 1,378 individuals: 748 AD cases (37% EOAD, early onset, age at onset < 65) and 
630 non-demented controls in the analysis. A summary of metadata on the study 
population can be found in Table 1. 

Case-control analysis identifies 44 candidate AD-associated VNTRs 
Of the 1,496 candidate AD-associated VNTRs, the alleles of 44 VNTRs were 
significantly longer or shorter in the group of AD patients compared to controls 
(FDR-corrected P-value < 0.2) (Table 2). We have found 9 expansions (positive 
effect size) and 24 contractions (negative effect size) where both short and long 
alleles follow the same trend. However, 11 VNTRs show either an expansion or 
contraction with the short allele and the opposite with the long allele. The 44 VNTRs 
were enriched with 23 VNTRs that localised to subtelomeric regions (Fisher’s exact 
test: P = 0.039); 19 were located within genes (intronic), three in promoter regions 
and six were part of functional elements, suggesting that these VNTRs may have a 
direct functional impact. Examples of the genes are: RTEL1, ANXA2, B4GALNT3, 
DLGAP2 and SDK1, which are involved in fundamental cellular processes and/
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or have previously been associated with AD (Figure 2A, Supplemental Figure 
S1). Despite the significant association of these VNTR alleles to AD, the graphical 
representation of the results does not clearly portrait the difference between cases 
and control. Full results are available in Supplemental Table S5.

Outlier-based analysis detected 10 candidate AD-associated VNTRs
As contractions or expansions in VNTRs may occur only in a small subset of AD 
cases (and thus not detectable in a case-control setting due to power issues), we 
sought to identify outliers using the interquartile rule (IQR) followed by a one-sided 
test with the alternative hypothesis that cases are more likely to be outliers (Figure 
1B, Outlier analysis). Of our candidates list, seven contractions and three expansions 
in VNTRs were observed significantly more often in AD cases compared to controls 
(FDR-corrected Fisher’s exact test P-value < 0.2 or odds ratio (OR) > 5) (Table 
3). Four of the seven contracted VNTRs were in genes: ADAMTSL2, C17orf67, 
PTPRN2 and LINGO2 (Supplemental Figure S2A). Notably, the ADAMTS protein 
family, to which ADAMTSL2 belongs, has been previously associated with AD in 
GWAS (ADAMTS4, ADAMTS1, ADAMTS20) (Bellenguez et al. 2022; Jansen et al. 
2019; Kunkle et al. 2019; Schwartzentruber et al. 2021). Of the three expanded 
VNTRs, two were within genes: the long non-coding RNA (lncRNA) LOC101928269 
(Figure 2C) and SDK1 (Supplemental Figure S2B). The latter was also observed 
as one of the 44 VNTRs with a different length distribution in AD cases compared 
to controls (the case-control analysis). Here, none of the VNTRs associated with AD 
are part of regulatory elements. Full results are available in Supplemental Table S6.

More than half of the VNTRs are in AD-associated loci
After combining the case-control results and the outlier-based results, we had 
a total of 52 candidate VNTRs, with a suggestive association with AD. Then, we 
sought to investigate whether these VNTRs were in linkage with SNPs identified by 
Bellenguez et al. (2022). To that end we performed a correlation analysis between 
the VNTR length and all independent SNPs within a window of 1 Mb of the detected 
VNTR, in each locus (Figure 1C). 36 of the 52 VNTRs (60%) were in (partial) linkage 
with at least 1 GWAS-identified SNP (FDR-corrected Spearman’s correlation 
P-value < 0.05). Two examples are the RTEL1-VNTR, where shorter VNTR lengths 
associates with AD risk and longer lengths are correlated with the presence of a 
protective GWAS SNP rs55765053 (Figure 2A-B); or the LOC101928269-VNTR, 
whose expansion associates with AD risk and correlates with the presence of a risk 
GWAS SNP rs45559732 (Figure 2C-D).

None of the VNTRs were in strong linkage with AD-haplotypes identified as genome-
wide significant by Bellenguez et al. (2022) (Supplemental Table S7). However, 8 
(15%) and 31 (60%) VNTRs have at least one AD-associated SNP within a 100 
kb or 500 kb window with an AD association P-value < 5 x 10-4, respectively 
(Supplemental Table S8).
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Figure 2: VNTR variations associated with Alzheimer’s disease from case-control 
and outlier analysis. A, Case-control analysis of VNTR copy-numbers in RTEL1 gene 
(Chr20:63,693,482-63,693,758) associated to Alzheimer’s disease using logistic regression 
models, for both short and long alleles. B, Correlation analysis between copy-numbers 
of RTEL1-VNTR and the status of protective GWAS SNP rs55765053 from Bellenguez et 
al. (2022), for each short and long allele separately. C, Alzheimer’s disease association of 
expanded VNTR in the long non-coding RNA LOC101928269 (Chr21:35,993,052-35,993,132) 
present in a subset of cases (outlier analysis). The outlier boundary is shown as a dashed 
grey line. D, Correlation analysis between copy-numbers of LOC101928269-VNTR and the 
status of risk GWAS SNP rs45559732 from Bellenguez et al. (2022), for each short and long 
allele separately. Showing only the outliers. Showing uncorrected P-values of AD-association 
tests.
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MotifLocus

Chr2:206,996−207,736

Chr6:157,774,214−157,774,281

Chr20:63,693,420−63,693,781

AGGGAGGGAGGG
ACCTCCTCCACTCCCC

ACCACCACCACCACCTCC

Short allele
Effect size p-value

−1.2x10−3 (±8.6x10−4)

−2.0x10−4 (±6.7x10−4)

−1.1x10−3 (8.8x10−4)

1.8x10−1

7.7x10−1

2.2x10−1

Long allele

−2.3x10−3 (±8.7x10−4)

−1.7x10−3 (±6.8x10−4)

−1.8x10−3 (±8.8x10−4)

7.3x10−3

1.4x10−2

4.4x10−2

Effect size p-value

Table 4: Case-control analysis with logistic regression models comparing VNTR lengths 
of AD cases and cognitively healthy centenarians in the replication phase. Showing only 
significant associations (FDR-corrected P-value < 0.2). Columns: Locus, coordinates of full 
VNTR genomic sequence in GRCh38; Motif, motif sequence of VNTR; Short-allele effect 
size and P-value, statistics of VNTR analysis when tested with the short allele in logistic 
regression models; Long-allele effect size and P-value, statistics of VNTR analysis when 
tested with the long allele in logistic regression models.

Motif Tested
allele boundary AD

cases CHC

ACCACCACCACCACCTCC

OR

ACTCCTCGCTCCTCCCC

p-value

AACTCACACACACCCC

long

short

long

2,337.25

 441.00

1,649.00

9

6

3

1

1

0

11.30

 6.13

  Inf

4.4x10−3

6.1x10−2

1.2x10−1

FDR

0.09

0.73

0.79

Locus

Contraction
Expansion
Expansion

Chr20:63,693,420−63,693,781

Chr12:545,634−546,071

Chr21:35,992,932−35,994,479

Table 5: Outliers analysis using Fisher’s exact test for VNTR lengths of AD cases and 
cognitively healthy centenarians in the replication phase. Showing only significant 
associations (FDR-corrected P-value < 0.2 or OR > 5). Columns: Locus, coordinates of full 
VNTR genomic sequence in GRCh38; Motif, motif sequence of VNTR; Tested allele, (short 
or long) allele analysed with Fisher’s exact test; Boundary, outlier boundary calculated with 
IQR based on controls distribution; AD cases and CHC, sample number of AD cases and 
cognitively healthy centenarians; Odds ratio (OR), Fisher’s P-value and FDR-corrected 
Fisher’s P-value (FDR), statistics related to the allele analysed with Fisher’s exact test.

Contraction of RTEL1-VNTR is also observed in an independent long-
read sequencing dataset and correlated with a top GWAS SNP
To obtain more support for an AD-association for the expansions/contractions of 
the identified significant VNTRs, we investigated whether their length differences 
were also observable in an independent long-read sequencing dataset (Figure 1D) 
of 250 AD cases and 251 cognitively healthy centenarians, as described by Salazar 
et al. (2023). After QC on the VNTRs and long-read data, 50 VNTRs were genotyped 
with Treat (Tesi et al. 2024) and their lengths were tested for their association with 
AD, again with both a case-control and outlier analysis.

The case-control analysis indicated that the lengths of three of the 50 AD-associated 
VNTRs show contractions, in both short and long alleles, in AD cases compared 
to controls (Table 4, Supplemental Table S10): the intronic VNTR in RTEL1 gene 
(Figure 3A), and two intergenic VNTRs (Supplemental Figure S3). Similarly, the 
outlier analysis indicated that the lengths of three candidate VNTRs were altered in 
AD cases relative to controls (Table 5, Supplemental Table S11): one contraction 
in the long allele of the intronic VNTR in the RTEL1 gene (uncorrected Fisher’s 
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Figure 3: Contraction of RTEL1-VNTR. A-B, Alzheimer’s disease association of VNTR 
lengths in RTEL1 (Chr20:63,693,482-63,693,758) in a case-control (A) and outlier detection 
analyses (B). Showing uncorrected P-values. A, Case-control analysis of intronic VNTRs 
lengths associated to Alzheimer’s disease with logistic regression models, using both short 
and long alleles. B, Alzheimer’s disease association of intronic VNTR contractions present 
in a subset of cases. Outliers are calculated with interquartile rule and are shown in grey 
shading. The outlier boundary is shown as a dashed grey line. C, Architecture of RTEL1 and 
surrounding genes, including repetitive DNA, a primate conservation track, histone marks 
(H3K27ac and H3K4me3), enhancers (grey) and promoters (red) and their interaction with 
annotated genes from GeneHancer. Lilac shading area highlights the location of the RTEL1-
VNTR. Adapted from the UCSC Genome Browser.

exact test: P = 0.0044, FDR-corrected P = 0.09, OR = 11.30) (Figure 3B); and two 
expansions on the short allele of B4GALNT3-VNTR (uncorrected Fisher’s exact test: 
P = 0.061, FDR-corrected P = 0.73, OR = 6.13) and on the long allele of lncRNA 
LOC101928269-VNTR (uncorrected Fisher’s exact test P = 0.12, FDR-corrected P = 
0.79) (Supplemental Figure S4). Interestingly, the expansion of B4GALNT3-VNTR 
was associated with AD risk, yet in the opposite direction as compared with the 
discovery phase.
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The VNTRs in the RTEL1 and lncRNA LOC101928269 are the strongest candidates 
for an AD association in our study. Thus, we assessed the genetic architecture of 
these loci regarding activating histone marks, regulatory elements and sequence 
conservation amongst primate species on UCSC Genome Browser (Kent et al. 
2002). The lncRNA LOC101928269-VNTR (Chr21:35,992,932-35,994,479, GRCh38) 
located in its first intron shows high structural variation across primates and a lack 
of potential regulatory functions as it lays in a region excluded of any regulatory 
elements (Supplemental Figure S5). The VNTR in the 30th intron of the RTEL1 
gene (chr20:63693420-63693781, GRCh38), only present in the human and gibbon 
species, is also located in the fusion transcript of RTEL1-TNFRSF6B, and present in 
the promoter region of TNFRSF6B (Figure 3C). Furthermore, this VNTR is part of a 
regulatory region which interacts with the promoter of RTEL1, suggesting the VNTR 
may play a role in regulating RTEL1 gene expression levels (Figure 3C, lower panel). 

The RTEL1-VNTR has a motif of 18 bp (ACCACCACCACCACCTCC), characterised 
by Treat. The VNTR comprises 361 bp of the human reference genome GRCh38, 
corresponding to 20.01 repeating units. Whilst in our long-sequencing cohort the 
smallest VNTR length is 631 bp and the longest is 16,548 bp, corresponding to 
35.01 and 919.33 repeating units, respectively. The variation of this VNTR has 
been reported as insertions ranging from 86 to 256 bp by Audano et al. (2019) 
(Supplemental Table S3), though its association with AD is new. We also found 
a correlation with SNP rs55765053 (Figure 3B), located in TNFRSF6B, 3,346 bp 
downstream of the VNTR, which in turn is in modest LD with rs6742 (R2 = 0.21, P < 
0.0001), the main protective SNP in a novel locus associated with AD (OR = 0.95, 
GWAS P = 2.6 × 10−9) (Bellenguez et al. 2022). However, the correlation between 
the VNTR lengths and rs6742 did not reach significance with either allele. Further 
studies are required to validate the association of this VNTR to AD risk.
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Discussion
Our analysis of both short and long-read sequencing datasets provides support for 
an association of a contracted VNTR in RTEL1 with increased AD risk. The VNTR 
maps in an enhancer element, located in the 30th intron of the RTEL1 gene, in the 
promoter region of TNFRSF6B gene and the 27th intron of fusion transcript RTEL1-
TNFRSF6B.

RTEL1 (Regulator of Telomere Elongation Helicase 1) encodes a DNA helicase 
crucial for maintaining genomic stability, particularly at telomeres (Uringa et al. 
2011, 2012). This protein is involved in DNA repair by resolving secondary DNA 
structures at promoter regions, such as G-quadruplexes and R-loops, facilitating 
DNA replication and transcription (Kotsantis et al. 2020). It is also required for 
transcriptional silencing, affecting epigenetic marks (Olivier et al. 2023). In short, 
RTEL1 acts on different nuclear pathways which are implicated in cell homeostasis 
and ageing (Hourvitz, Awad, and Tzfati 2024). Given that AD is an ageing-related 
disorder, there is a heightened genomic instability caused by heterochromatin loss 
(J.-H. Lee et al. 2020; Villeponteau 1997), which may also cause dysregulation of 
the RTEL1 gene which, in turn, may contribute to a faster decline with, for instance, 
the shortening of telomeres and increased DNA damage (Hourvitz, Awad, and Tzfati 
2024; Smoom et al. 2023; Uringa et al. 2012). Therefore, the variation of VNTR 
length may influence the regulatory function of the enhancer, altering RTEL1 gene 
expression levels. Gene expression changes may become more prominent upon 
age-related epigenomic modifications, ultimately contributing to AD pathogenesis. 
Further replication and functional validation studies are imperative to confirm the 
association of the RTEL1-VNTR variation to increased AD risk.

On the other hand, the RTEL1-VNTR is also located on the promoter of TNFRSF6B 
gene and in the fusion transcript RTEL1-TNFRSF6B. Even though the fusion 
transcript RTEL1-TNFRSF6B is not predicted to produce a functional protein, 
being a candidate for nonsense-mediated mRNA decay (NMD), a recent study 
has reported the transcript is a lncRNA that may modulate RTEL1 expression. 
In the study, the authors identified a variant shared between RTEL1 and RTEL1-
TNFRSF6B associated with progressive myoclonus epilepsy, a neurodegenerative 
disorder (Chaudhari et al. 2024). Furthermore, TNFRSF6B (tumour necrosis factor 
receptor superfamily member 6B) is involved in cell cycle processes and immune 
responses, playing a significant role in cancer progression, particularly pancreatic 
cancer (Zhang et al. 2021). This gene has also been associated with AD, through 
its immunosuppressive role it ameliorates neuroinflammation, amyloid-β plaque 
deposition and cognitive deficits in AD mice models. Specifically, TNFRSF6B 
upregulation has a neuroprotective effect via modulating microglia activation 
and enhancing its amyloid-β clearance efficiency (Y.-L. Liu et al. 2017). This is in 
line with our finding that shorter RTEL1-VNTR lengths associates with AD, whilst 
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longer RTEL1-VNTR lengths correlates with the presence of SNP rs55765053 in 
TNFRSF6B, which in turn is in modest LD with the main protective SNP rs6742 
(Bellenguez et al. 2022). Therefore, investigating the regulatory role of the VNTR 
in the promoter of TNFRSF6B in connection to AD progression warrants further 
investigation.

Besides the RTEL1-VNTR, other VNTRs associated with AD are in the genes ANXA2 
and DLGAP2, which have been highlighted in previous research in association with 
AD. ANXA2, member of a calcium-binding protein family involved in membrane 
trafficking and cell signalling, was shown to be linked to AD through interactions 
with Tau and Presenilin 1 (Astillero-Lopez et al. 2024; Bustos et al. 2017; Gauthier-
Kemper et al. 2018). Whilst DLGAP2, a scaffold protein primarily expressed in the 
brain, plays a role in the regulation of neuronal synapses and has been associated 
with neuropsychiatric disorders (Hsieh et al. 2023; J.-M. Li et al. 2014; Rasmussen, 
Rasmussen, and Silahtaroglu 2017). Its association with age-related cognitive 
decline and AD has also been reported (Ouellette et al. 2020). Furthermore, the VNTR 
in ADAMTSL2 gene, which is part of the overarching ADAM and ADAMTS proteins 
believed to play a role in various pathologies and have been mentioned in recent 
GWAS meta-analysis of AD (Bellenguez et al. 2022; Jansen et al. 2019; Kunkle et al. 
2019; de Rojas et al. 2021; Schwartzentruber et al. 2021). However, none of these 
VNTRs were replicated in the independent dataset of long-read sequencing data, 
potentially due to the small sample size available at the time of the study.

Two VNTR expansions were found to be associated with AD risk in an independent 
long-read sequencing dataset. The first one is the expanded VNTR in the lncRNA 
LOC101928269. Although this specific lncRNA has not been linked to AD, there 
is substantial evidence implicating lncRNAs in the Aβ cascade hypothesis (Hao 
et al. 2022; D. Li et al. 2021). The second gene is B4GALNT3, which belongs to a 
glycosyltransferase family. Glycosylation is an important form of post-translational 
modification that when disrupted it has been implicated in neurodegeneration, 
including AD (Moll, Shaw, and Cooper-Knock 2020; Schedin-Weiss, Winblad, and 
Tjernberg 2014). Despite the indirect association with AD, more research is needed 
to validate these findings.

The fact that ExpansionHunter Denovo and ExpansionHunter can only detect 
motifs up to 20 bp poses a limitation on the type of VNTRs that can be identified in 
our pipeline, leaving many VNTRs undetectable. This includes the ABCA7-VNTR, 
with a motif of 25 bp, that was previously associated with AD (De Roeck et al. 
2018). Moreover, because EH needs exact genomic coordinates in the variant 
catalog, our pipeline cannot consider VNTRs that are absent from the reference 
genome, which may also have the potential to influence disease risk. Furthermore, 
ExpansionHunter only detects VNTR structures provided in the variant catalog, 
meaning that interruptions in the motif sequence and point mutations will affect the 
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output. Thus, the challenge is to determine the structure and the possible variation 
of each VNTR. In our analysis, we partly addressed this limitation, i.e. for VNTRs 
whose motifs have the same length, have 80% sequence similarity, and are located 
within a 5 kb window, we created a consensus motif by introducing degeneracy with 
the IUPAC code. This does not fully overcome the issue since we do not account 
for indels, but it does improve the EH output. On the other hand, we are at risk of 
merging independent signals from distinct VNTRs with highly similar sequences, 
which may also impact downstream analysis.

Overall, investigating variation in long tandem repeats using short-read data is 
complex, independently of the computational tool used. This is mainly due to the 
intrinsic repetitive nature of tandem repeats and the length that exceeds the one of 
short reads which causes alignment errors. Therefore, long-read sequencing is an 
invaluable method to accurately sequence VNTRs and validate preliminary findings. 
Nevertheless, with our approach, and despite the limitations arising from the short-
read sequencing and small sample sizes, we were able to identify various promising 
VNTRs. We provide preliminary evidence that a VNTR in the 30th intron of RTEL1 
gene and promoter of TNFRSF6B is of interest for further investigation as part of a 
regulatory element in AD risk.
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Supplemental figure S1: VNTRs significantly associated with AD from case-control 
analysis in the discovery phase. A-D, Case-control analysis of VNTR copy-numbers 
associated to Alzheimer’s disease using logistic regression models, for both short and long 
alleles. Showing uncorrected P-values. The VNTRs are: ANXA2-VNTR (Chr15:60,349,890-
60,350,142) (A), B4GALNT3-VNTR (Chr12:545,768-546,002) (B), DLGAP2-VNTR 
(Chr8:1,470,789-1,471,378) (C) and SDK1-VNTR (Chr 7:3,582,240-3,582,285) (D).

Supplemental Figures
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Supplemental figure S2: VNTRs significantly associated with AD from outlier analysis 
in discovery phase. A-B, Alzheimer’s disease association of intronic VNTR contraction in 
ADAMTSL2 (Chr9:133,564,168-133,564,642) (A) and expansion in SK1 (Chr7:3,582,240-
3,582,285) (B) present in a subset of cases with Fisher’s exact test. Outliers are calculated 
with interquartile rule and are shown in gray shading. The outlier boundary is shown as a 
dashed gray line. Showing uncorrected P-values.

Supplemental figure S3: VNTRs significantly associated with AD from case-control 
analysis in the replication phase. A-B, Intergenic VNTRs in Chr2:206,996-207,736 (A) and 
Chr6:157,774,214-157,774,281 (B) significantly associated with Alzheimer’s disease when 
tested with the long allele. Showing uncorrected P-values.
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Supplemental figure S4: VNTRs significantly associated with AD from outlier analysis 
in the replication phase. A-B, Intronic B4GALNT3-VNTR (Chr12:545,634-546,071) (A) and 
LOC101928269-VNTR (Chr21:35,992,932-35,994,479) (B) showing expansions significantly 
associated with Alzheimer’s disease. Outliers are calculated with interquartile rule and are 
shown in gray shading. The outlier boundary is shown as a dashed gray line. Showing 
uncorrected P-values.

Supplemental figure S5: Genetic landscape of lncRNA LOC101928269-VNTR. Architecture 
of LOC101928269 and upstream gene, including repetitive DNA, a primate conservation 
track and histone marks (H3K27ac and H3K4me3). Lilac shading area highlights the location 
of the LOC101928269-VNTR. Adapted from the UCSC Genome Browser.
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Methods 
Study population and preprocessing
We used a sample of individuals from the Alzheimer’s Disease Sequencing Project 
(ADSP). Additional information about the ADSP study design, AD diagnosis 
assessment as well as ethical committee approvals are publicly reported on the 
ADSP website (https://niagads.org/adsp). Sequence data from the ADSP is 
available by application to the NIA Genetics of Alzheimer’s Disease Data Storage 
Site (NIAGADS) Data Sharing Service (DSS) (https://dss.niagads.org).

Initially we used a sample of 948 individuals, filtered the samples based on four 
aspects: (i) NIH racial category, to all be of the category ‘Whites’, (ii) origin, excluding 
samples from ADNI to avoid batch effects, (iii) family relationship, retaining 1 sample 
per family, (iv) phenotypes, retaining those labelled with “AD case” or “Control” were 
analysed. At a later stage, to increase statistical power to detect significant VNTRs, 
we increased the number of samples to 1,378 individuals. Here we filtered based 
on: (i) European ancestry (based on 1000 Genome clustering (Auton et al., 2015)); 
(ii) family relationship (IBD > 0.2); (iii) phenotypes (AD case and healthy controls); 
(iiii) sequencing platform (Illumina HiSeqX) from three different sequencing centres: 
Broad, NYGC and USUHS; (iv) read length equal or higher than 149 bp. The paired-
end sequencing CRAM files supplied by ADSP were converted to BAM format by 
aligning to the reference genome build GRCh38 using samtools (Li et al., 2009).

Creation of the variant catalog
Identifying candidate VNTRs using ExpansionHunter Denovo
To identify candidate VNTRs without a predefined set of repeats, we run 
ExpansionHunter Denovo (EHdn) (v0.9.0) (Dolzhenko et al. 2020) on 948 individuals. 
We first generate an “STRprofile” (short tandem repeat profile) for each sample 
individually with the “profile” command using the default settings. This procedure 
takes a sample’s aligned CRAM (or BAM) file and the reference genome as input, 
and outputs a file with all the identified in-repeat reads (IRRs) exceeding read length. 
Next, we create a manifest.tsv file, listing all samples together with their names 
(e.g. sample1), labels (“AD case” or “Control”), and the location of the relative STR 
file. We aggregate all sample’s STR profiles using the “merge” command and the 
manifest.tsv file using the default settings (motif length between 2 and 20 bp). This 
command outputs a multi-sample STR profile containing the IRR counts of each 
sample, for each repeat region. 

We run the case-control analysis using “casecontrol.py” executable with the “locus” 
option, taking the generated multi-sample STR profile and the manifest file as inputs. 
The “locus” option uses the anchored IRRs, identifying the repeats longer than read 
length but shorter than fragment length. This analysis compares the distribution of 
IRRs between AD cases and controls and outputs (i) the approximate location of the 
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VNTR on the reference genome, (ii) the repeated motif, (iii) the normalised IRR counts 
for each sample, (iv) the P-value from Wilcoxon Rank Sum test and (v) the Bonferroni 
corrected P-value. Note that the output motif is the lexicographically smallest repeat 
unit under circular permutations and reverse complement operations. 

We run the outlier-based analysis using “outlier.py” executable with the “locus” 
option in a similar fashion. Compared to the case-control setting, this analysis does 
not compare distributions (thus does not report a P-value) but rather calculates the 
z-score for cases exceeding the mean of the compared cases+controls IRR count 
distribution. Instead of P-values, it outputs the highest z-score of a case sample 
and the IRR counts for cases with a z-score > 1.0. 

Filtering candidate VNTRs 
To focus on the most interesting repeats, we filtered the candidate VNTRs outputted 
by EHdn. For the case-control outputs, we selected those with an uncorrected 
P-value < 0.05 to select the repeats showing differences between cases and 
controls. For the outlier outputs, we selected the repeats where the top z-score for 
a case was ≥ 10 and a minimum of 7 cases (1%) had a z-score > 1 to select the 
common repeat expansions. For both outputs, we selected only the repeats with a 
motif size ≥ 7 as we specifically focus on VNTRs and exclude the repeats on sex- 
and decoy chromosomes. Only the repeats that remained after these filtering steps 
were converted into a variant catalog. 

Converting candidate VNTRs into a variant catalog
To run ExpansionHunter (EH) (Dolzhenko et al. 2019) on the candidate VNTRs 
identified by EHdn, the repeats need to be encoded in a variant catalog. This catalog 
describes the start and end positions on the reference genome and which motif is 
repeated. The accuracy of the positions in the catalog greatly affects the quality of 
the estimates by EH. The positions can be off by a few base pairs, however, the 
approximate locations (± 500 bp) as outputted by EHdn are too imprecise to be 
used directly. Therefore, we first identified more precise start and end coordinates. 
To do so, for each candidate VNTR we extracted the corresponding sequence 
from the reference genome using the pysam package (https://github.com/pysam-
developers/pysam) between the coordinates outputted by EHdn, extended by 500bp 
on each side. We then scan the obtained reference sequence for occurrences of the 
repeated motif, keeping track of perfect stretches of copies. Each perfect stretch of 
copies was extended if an adjacent imperfect copy was followed by another perfect 
copy of the motif. We assumed that the longest stretch in the reference is most 
likely to be the source of the repeat, thus we selected the longest stretch of copies. 
If there were multiple positions with the maximum number of copies, we could not 
establish which was the most likely source of the repeat. In such cases, we decided 
to be conservative and retain all positions. 
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In addition to defining more accurate start and end positions for the candidate 
VNTRs, an additional check on the repeated motif is done. EHdn outputs the 
lexicographically smallest version of the repeated motif, including reverse 
complement operations. This means it might be that the reverse complement is the 
motif that corresponds to the orientation of the reference. Therefore, for each VNTR, 
we scanned the extracted reference sequence for the reverse complement of the 
motif as well and again selected the longest stretch of copies. The re-established 
positions plus the selected motif were finally formatted, and outputted. The detailed 
algorithm can be found in Supplemental Data and the source code is available 
through GitHub (https://github.com/francesca-lucas/ehdn-to-eh).

The variant catalog was finalised in R (version 4.2.2), using the packages rjson 
(version 0.2.21), dplyr (version 1.1.2), e1071 (version 1.7.13) and seqinr (version 
4.2.30). We took the union of both the outputs of the case-control and outlier analysis 
to get one variant catalog. Highly similar VNTRs within 5000 bp from each other 
were merged as likely being part of the same VNTR. VNTR were merged if the motif 
size was the same and the motif sequence similarity was ≥ 80% (based on hamming 
distance).  Then, for each VNTR, we created a degenerate consensus sequence 
using the code from International Union of Pure and Applied Chemistry (IUPAC). 
For full script see Variant_catalog in Supplemental Code. Finally, the VNTRs in the 
variant catalog were classified as “novel” or “reported”, depending on whether they 
had been reported before by: Audano et al. (2019), which reported SVs; Linthorst 
et al. (2020), which reported mostly VNTRs;  or the tandem repeat catalog from 
PacBio, which reported mostly STRs  (https://github.com/PacificBiosciences/trgt/
blob/main/repeats/repeat_catalog.hg38.bed) (based on bedtools intersect (v2.30.0) 
(Quinlan and Hall 2010) with the options -wa -wb).

Identification of VNTRs associated with Alzheimer’s Disease
Estimating number of repeats using ExpansionHunter
To get a more accurate and diploid estimate of the number of repeats for each 
candidate VNTR, we run EH (v5.0.0) on 3,274 individuals. We first extract the 
regions in the variant catalog with 5 kb padding from each sample, then we run EH 
with the variant catalog, the reference genome and the sample’s CRAM (or BAM) 
files as input. For each repeat in the variant catalog, the algorithm will (i) collect the 
reads mapping to that repeat, and (ii) will determine the most probable repeat size 
for each allele using these reads. The output consists of a report for each sample 
containing copy number estimates for each repeat. These are diploid estimates, 
with a consensus value for each of the two alleles as well as the corresponding 
confidence intervals. For each sample we filtered out the repeats with the label 
“LowDepth’’ and kept the ones with “PASS”. Then we count the number of repeats 
removed per sample and only the samples with ≤ 20 missing values were analysed. 
For these the diploid repeat size was divided into a shortest and longest allele, based 
on which has the least and the most copies, respectively. We test the association 
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of the VNTRs with AD risk using both alleles separately, then take the union of the 
VNTRs detected based on these separate allele values.

Case-control analysis with logistic regression model
We define case-control VNTRs as those that show a significantly different distribution 
for cases compared to controls. Since the ADSP cohort includes samples from 
multiple sequencing centres, it introduces variance to the dataset. Thus, we 
performed a principal components analysis (PCA) to explore sample stratification 
due to (i) type of sample (blood, brain or unknown), (ii) sequencing centre (Broad, 
NYGC or USUHS), (iii) DSS study number, (iv) CRAM/BAM file statistics (mean read 
length, mean and standard deviation insert size and coverage as calculated with 
samtools stats). We considered the top 7 PCs and added them as covariates to 
the models. Association models were in total corrected for population stratification 
(PC1-20), sequencing batch effect (PC1-7), and gender. We compare the repeat 
size distributions of 748 AD cases and 630 controls with logistic regression models, 
testing both the short and long alleles separately. Only repeats with < 0.1% 
missingness rate are analysed, which means only one sample is allowed not to have 
a repeat copy-number estimation per repeat. VNTRs with a false discovery rate (FDR) 
corrected P-value of < 0.2 are selected. See Discovery_phase in Supplemental 
Code for full script.

Identification of outliers with the interquartile rule
To detect VNTRs that may be expanded/contracted in a small subset of cases, 
we implement an outlier analysis next to the case-control analysis. To identify the 
outliers, we use the interquartile rule. This rule is based on the 25th percentile or 
first quartile (Q1), the 75th percentile or third quartile (Q3) and the interquartile range 
(IQR = Q3 − Q1). A datapoint x is considered an outlier when:

x < Q1 - c . IQR
or

x > Q3 + c . IQR
where c is a constant determining the sensitivity of these boundaries. The default 
value for c is 1.5, however, we use a more inclusive value for the constant: c = 1.0. 
We establish the outlier boundaries based on the distribution of the controls, as this 
is our null distribution against which we compare cases. This analysis is done for 
short and long alleles separately.

Outlier-based detection of AD-associated VNTRs 
We define common pathogenic VNTRs as those that show an expansion or 
contraction in ≥ 1% of cases, which is 7 cases in our study. To detect expanded 
VNTRs, we count the number of datapoints above the upper boundary for both cases 
and controls. These outlier counts are captured in a contingency table, with outlier/
non-outlier as rows and cases/controls status as columns. We use Fisher’s exact 
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test on this contingency table to test the difference in outlier counts between cases 
and controls, using both the calculated P-values and odds ratio with confidence 
intervals. To detect contracted VNTRs, we count the number of datapoints below 
the lower boundary, and process these counts analogous to the expansions. As 
we are mainly interested in the VNTRs where AD cases show a clear expansion 
or contraction, we perform a one-sided test with the alternative hypothesis that 
cases are more likely to be outliers. We finally apply multiple testing correction to 
the significance values using FDR, and we consider the VNTRs which have an FDR 
< 0.20 as significant. Due to our cohort size, the repeats which show an expansion 
or contraction in < 2% of the cases will likely come up as insignificant after FDR 
correcting Fisher’s significance values. This may exclude VNTRs that show a clear 
separation in repeat size and fall within our scope of common VNTRs (> 1% of 
cases). To detect these VNTRs (expanded/contracted in 1-2% of cases), we select 
the VNTRs where the outlier counts show an odds ratio > 5 and that occur in ≥ 1% 
of cases. See Discovery_phase in Supplemental Code for full script.

Genomic context
Gene annotation
To get an idea of where a VNTR might exert influence we provide genomic context. 
We annotate curated genes based on the RefSeq genes (v98) from NCBI (Pruitt 
et al. 2014; Pruitt, Tatusova, and Maglott 2005). This file contains multiple gene 
models for each gene. We first select the entry with the highest number of exons 
(exonCount). If there are multiple entries left, we select the entry with the widest 
transcription coordinates. After selecting one entry for each gene, we define the 
following regions:
	 • “transcription” from transcription start (txStart) to end (txEnd) coordinates;
	 • “coding” from coding start (cdsStart) to end (cdsEnd) coordinates;
	 • “exon” from each exon start (exonStarts) and its corresponding end 
(exonEnds) coordinates;
	 • “telomere” within 5Mb of the ends of chromosome arms;
	 • “promoter” as 5 kb upstream and 1 kb downstream of the transcription 
start (txStart).

A VNTR gets an annotation when it overlaps the defined regions. We define a VNTR 
to be “genic” if it overlaps with a region of “transcription”. See Genomic_context in 
Supplemental Code for full script.

Functional element annotation
Non-genic functional elements are annotated using the NCBI RefSeq Functional 
Elements (Pruitt et al. 2014; Pruitt, Tatusova, and Maglott 2005) and the Registry 
of candidate cis-Regulatory Elements (cCREs) from ENCODE (Dunham et al. 2012; 
Moore et al. 2020). The NCBI RefSeq Functional Elements table contains various 
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functional elements that have been experimentally validated, such as regulatory 
elements, protein binding sites, mobile elements, recombination features and 
sequence features. The ENCODE cCREs table contains representative DNase 
hypersensitive sites from ENCODE and Roadmap Epigenomics samples with 
promoter- or enhancer-like signatures, when supported by H3K4me3 and H3K27ac 
histone modifications, respectively, or CTCF binding. All entries from both tables 
are included, the start (chromStart) and end (chromEnd) coordinates are used 
to define each region and the type of element (name). See Genomic_context in 
Supplemental Code for full script.

Gene set enrichment
To assess whether there is an over-representation of biological pathways in the 
genic VNTRs, we test for gene set enrichment. Gene set enrichment analysis was 
performed with the web application g:Profiler, using the g:GOSt analysis (biit.cs.ut.
ee/gprofiler/gost). g:GOSt performs gene set enrichment analysis on an input gene 
list, mapping genes to functional terms and detecting the terms that are statistically 
significantly enriched in a background set consisting of all annotated genes. We 
selected the genic VNTRs in the variant catalog and used the g:GOSt settings 
including annotations from Gene Ontology sources: GO:MF (molecular function), 
GO:CC (cellular component), GO:BP (biological process).

Linkage analysis
Discovery phase
Linkage between VNTRs and SNPs was assessed with a Spearman rank correlation 
between SNP allele count and VNTR size. Only independent SNPs (MAF > 0.005) 
within a window of 1 mb of the VNTR were extracted with PLINK2 (parameters for 
LD-pruning were --indep 50 5 2) (Purcell et al. 2007) and SNP allele count was then 
tested with respect to the short and long alleles, separately (see Linkage_analysis in 
Supplemental Code). SNPs with a genome-wide association P-value < 0.05 from 
Bellenguez et al. (2022) were included as suggestive associations to AD. 

RTEL1 locus
We analysed whether the SNP rs55765053, which correlates with the RTEL1-VNTR 
in our study, is correlated with the main protective GWAS SNP rs6742 reported 
by Bellenguez et al. (2022) using the online tool LDlink, specifically LDpair Tool 
(Machiela and Chanock 2015). The genome build is the GRCh38 High Coverage 
from the 1000 Genome Project, selecting only European ancestry. 

Replication with PacBio dataset
To replicate the findings from the discovery phase, we used a long-read sequencing 
dataset of 250 AD cases from the Amsterdam Dementia Cohort (van der Flier and 
Scheltens 2018) and 251 cognitively healthy centenarians from the 100-plus Study 
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(Holstege et al. 2018). This dataset was generated with PacBio, details about the 
sequencing are available at Salazar et al. (2023). For genotyping of the VNTRs in the 
long-read datasets, the coordinates were adjusted to include the complete stretch 
of the repetitive DNA elements overlapped by our identified VNTRs (Supplemental 
Table S10). This means two repeats (chr9:28189272-28189688 and chr9:28189312-
28189624) were merged (chr9:28189212-28189724). Also, one repeat located in a 
centromeric region (chr4:49153237-49156525), which showed an unusually high 
coverage, was excluded from the analysis. The genotype of the adjusted VNTRs 
was done with Treat (Tesi et al. 2024). Briefly, this tool genotypes tandem repeats 
using the size of the sequences in the regions of interest and a clustering framework. 
Haplotype-specific VNTR lengths were then extracted, combined, and used for 
association analysis. The association with AD was performed following the case-
control and outlier analysis described previously, including the criteria for VNTRs 
considered as significantly associated with AD. Short and long alleles were tested 
separately. See Replication_phase in Supplemental Code for full script.

Visualisation of genomic loci
To assess the architecture of the strongest VNTR candidates in our study, we used 
the UCSC Genome Browser (Kent et al. 2002) with the following tracks: genes from 
GENCODE (v44) (Frankish et al. 2023) or NCBI RefSeq genes (Pruitt, Tatusova, 
and Maglott 2005); repetitive DNA from RepeatMasker (A. Smit, Hubley, and Green 
1996), a primate conservation track from Multiz Alignments of 100 Vertebrates 
(Blanchette et al. 2004), histone marks (H3K27ac and H3K4me3) from ENCODE 
(Dunham et al. 2012), enhancers (grey) and promoters (red) and their interaction 
with annotated genes from GeneHancer (Fishilevich et al. 2017).
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Repetitive DNA as a hidden layer of Alzheimer’s genetic risk
This thesis addresses a key problem in the study of Alzheimer’s disease (AD): the 
elusive causality of genetic variants. Despite extensive genome-wide association 
studies (GWAS), a significant portion of heritability remains unexplained, referred to 
as “missing heritability.” One possibility is that causal variants are hidden within the 
repetitive parts of our DNA, which are traditionally difficult to study. Recent advances 
in sequencing technologies have allowed for a much more accurate representation 
of loci associated with disease, shedding light on structural variations of previously 
overlooked repetitive DNA (Audano et al. 2019; Chaisson, Wilson, and Eichler 
2015; Ebert et al. 2021). While the involvement of repetitive DNA in neurological 
diseases has long been recognized (Chintalaphani et al. 2021; X. Liao et al. 2023), 
only recently research in complex disorders like AD has begun to focus on these 
elements (De Roeck et al. 2018; Larsen et al. 2017; Salazar et al. 2023). Compared 
to non-coding single nucleotide polymorphisms (SNPs), structural variants are 
increasingly considered as more likely to have a functional implication, thus making 
them promising candidates to form a connection between genetic variation and 
disease risk (Roses et al. 2016).

Mapping structural variants in Alzheimer’s Disease loci
In chapter 1, we integrated structural variation into a fine-mapping analysis of AD 
risk loci, with a focus on recurrently identified AD-associated loci for which research 
has failed to identify a causal SNP or genetic variant. Our investigation revealed a 
high level of variation in both tandem repeats (TRs) and transposable elements (TEs) 
within these regions.

TRs were especially notable in the ABCA7, APOE, and SCIMP loci. TR variations in 
ABCA7 arises from the variable number of tandem repeat (VNTR) associated with 
an increased risk to develop AD (De Roeck et al. 2018). Beyond the well-established 
ε2, ε3, and ε4 alleles of APOE (Saddiki et al. 2020), other repeat-based variants may 
act as genetic modifiers. Furthermore, SCIMP is associated with LOAD through 
various GWAS and meta-analysis (Bellenguez et al. 2022; de Rojas et al. 2021; 
Schwartzentruber et al. 2021). However, this association lacks strong evidence, 
which may be attributed to variations in TRs in the locus.

TEs, particularly SVA elements, were a shared feature across these highly replicated 
AD-associated loci. SVA elements are a great ape-specific class of TEs that remain 
mobile in modern humans and contributed to many insertional polymorphisms in 
the population (Lander et al. 2001). For AD-associated loci, polymorphic insertions 
are observed in APOE and SCIMP. However, even fixed SVAs, being present in 
every individual in the human population, often contain large structural variations in 
the VNTR part of the SVA sequence. Notably, structurally variable SVAs (SV-SVAs), 
fixed SVAs which themselves are a source for structural variants, were located in 
regions dense with SNPs strongly associated with AD risk. Chapter 2 expands this 
analysis to Parkinson’s disease (PD) and other neurological disorders, highlighting 
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the potential role of SVAs in neurodegenerative disorders. For instance, in PD and 
amyotrophic lateral sclerosis (ALS), SVA elements were identified in the promoter 
regions of disease-associated genes, suggesting their possible contribution to 
disease (Savage et al. 2013, 2014).

Another significant contributor to structural variations in the AD-associated loci 
is the primate-specific class of Alu elements. As a primate-specific TE with high 
retrotransposition activity (Feusier et al. 2019; Lander et al. 2001), numerous Alu 
insertions and deletions were found across AD-associated loci. Prior studies have 
linked Alu activity to deleterious effects in genes such as ATP5J, TOMM40, and 
PSEN1 (Antonell et al. 2012; Boone et al. 2014; Larsen et al. 2017; Le Guennec et 
al. 2017) and a new Alu insertion in TMEM106b, a gene with no previously known 
causal variant, strengthens the case for their role in AD and other neurodegenerative 
disorders (Salazar et al. 2023).

Our study of structural variation in AD (and PD) aimed to gather evidence and 
establish the groundwork for functional assessment of the potentially causative 
repetitive DNA element. However, our characterisation of structural variants in 
disease-associated loci was limited, as it did not involve a disease-specific cohort 
for mapping of structural variants. A couple of years ago a new study has been 
published (not yet peer reviewed), making significant advances in that respect. 
The authors identified 400,234 structural variants in 16,905 individuals from an 
AD cohort, detecting ultra-rare structural variants in well-known AD genes, and 
potential risk structural variants in novel genes (H. Wang et al. 2023). Moreover, 
in the same year, a genome-wide analysis of structural variants was performed 
for PD, unravelling 3 novel structural variants associated with PD risk (Billingsley 
et al. 2023). Both these studies bring invaluable insights into the complex genetic 
landscape of neurodegenerative disorders.

Functional insights into transposable elements in relation to disease
Building on the observation that SVAs are present in disease-associated loci, we 
examined their gene-regulatory roles in chapters 2 and 3. We found that SV-SVAs 
are amongst the TE classes that become active in cortical organoids, which is in 
concordance with previous research (Bragg et al. 2017; Gianfrancesco, Bubb, and 
Quinn 2017; Savage et al. 2013, 2014). Furthermore, we showed that derepressed 
SVAs serve as strong enhancers and that this activity depends on the length of their 
VNTR, where structural variation often occurs. These VNTRs hold a high GC content 
(H. Wang et al. 2005), which increases the chance of forming G-quadruplexes (G4s), 
secondary structures known to have a strong potential to influence transcription 
(Kejnovsky, Tokan, and Lexa 2015; Rhodes and Lipps 2015). As such, G4s in SVAs 
are a major source of G4-mediated regulatory potential in the human genome 
(Gianfrancesco, Bubb, and Quinn 2017). Repressive proteins that interact with TEs, 
such as KRAB zinc-finger 91 (ZNF91), adds yet another layer of regulation, as it 
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specifically binds to the VNTR region of the SVA, inducing transcriptional repression 
of the element (Haring et al. 2021; Jacobs et al. 2014). In our experiments, ZNF91 
strongly repressed SVA activity in a manner that varied depending on VNTR length. 
At present it’s still unclear whether ZNF91 binds directly to G4s or blocks their 
formation, but the relationship between VNTR structure and gene regulation is now 
evident.

Given the differential gene-regulatory potential of SV-SVAs and their presence in AD 
and PD loci, in chapter 2 we further investigated their correlation to disease risk. 
We found that variants with weaker enhancer properties are correlated with GWAS-
identified risk SNPs associated with the disorders. Therefore, the susceptibility to 
disease may be caused by altered gene regulation through variations in length of the 
SVA elements. To elucidate the functional properties of the SVA elements in AD and 
PD loci, in chapters 2 and 3 we used a combination of genetic engineering of human 
stem cells and cortical organoid technologies to perform a functional assessment 
of SV-SVAs in a human neuronal environment. We engineered 5 lines of human 
embryonic stem cells with SVA deletions in disease associated loci and generated 
cortical organoids. For two of the investigated loci there was no epigenomic or 
transcriptomic changes induced by the SV-SVA, which may be linked to the in vitro 
model used in the study, or it indicates that these structural variants are neutral and 
not associated with disease risk at all. For three of the investigated loci, RNA- and 
ChIP-sequencing revealed significant epigenomic and/or transcriptomic changes 
upon removal of SV-SVAs located nearby or within genes. These findings are in 
concordance with studies reporting SVA insertional polymorphisms associated with 
differential gene expression (Pfaff et al. 2021), or pathogenic SVA insertions within 
genes that alter the expression levels of downstream exons (Bragg et al. 2017). 
However, to what extent the structural variation in SVAs influence the expression of 
the associated genes in an AD or PD patient’s brain remains to be elucidated. 

Challenges of modelling transposable element regulation in 
neurodegeneration
Cortical organoids have been increasingly used in biomedical research as they mimic 
various features of the developing human brain, including cell-to-cell interactions, 
tissue organization and pathology (Lancaster et al. 2013). Recreating the complex 
structures and function of specific regions of the human brain is essential in the study 
of neurodevelopmental disorders, drug screening and disease modelling. However, 
a major limitation of this model is low reproducibility, due to intrinsic variability 
between organoids caused by cellular heterogeneity (Di Lullo and Kriegstein 2017; 
Yoon et al. 2019). Furthermore, cortical organoids are only composed by cells of 
neural origins, thus lacking vascular or immune cells, such as microglia (Qian, Song, 
and Ming 2019). Since microglial cells play a major role in AD pathology, there may 
be a cell-type specific mechanism at play in the regulation exerted by the SVAs that 
we do not detect in a neuronal environment. 
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Age is the primary risk factor for neurodegenerative disorders and with ageing 
several epigenetic mechanisms display progressive alterations (J.-H. Lee et al. 
2020). This includes a progressively reduced repression of TEs, which is essential 
to repress the activity and transcription of TEs. Epigenetic silencing of TEs is 
maintained through mechanisms like heterochromatin formation, DNA methylation, 
histone modifications, and the binding of specific transcription factors. As these 
regulatory systems weaken with age, whether due to loss of heterochromatin or 
reduced binding of repressors such as ZNF91 for SVAs, TEs can become fully 
active (Wanhe Li et al. 2013; Rosenkrantz et al. 2024; Salazar et al. 2023). Because 
ageing-induced TE activation occurs only later in life, cortical organoids derived 
from healthy donors may not be ideal for studying a disease mechanism that has 
such a strong age-associated risk factor. A more promising approach may be to use 
AD-specific cortical organoids developed using human-induced pluripotent stem 
cells (iPSCs) derived from EOAD patients (Gonzalez et al. 2018; Raja et al. 2016), or 
by introducing EOAD-associated mutations (Choi et al. 2014). Even though much 
of the age-associated epigenetic signature is lost during the conversion of blood 
cells or fibroblasts to iPSCs, these studies have shown that such models replicate 
key AD pathologies, including amyloid aggregation and tau hyperphosphorylation. 
Since tau pathology has been shown to contribute to TE activation (Evering et al. 
2023; Guo et al. 2018; Singh, Borkar, and Bhatt 2024), using AD patients-derived 
organoids may better mimic the biological context in which TEs become active, 
making them a valuable tool for investigating the role of TEs in this age-related 
disorder.

Preliminary insights into AD-associated VNTRs
In chapter 4 we conducted a genome-wide detection of VNTRs using a short-
read sequencing dataset of AD cases and controls and found 50 VNTRs with a 
suggestive association to AD risk. Among the VNTRs identified, the most compelling 
signal was a VNTR located in the 30th intron of RTEL1. This repeat is particularly 
interesting due to its genomic context. It overlaps not only an enhancer element 
in the RTEL1 gene, but also the promoter region of TNFRSF6B and the fusion 
transcript RTEL1-TNFRSF6B. Shorter alleles of this VNTR were more frequent in AD 
cases, suggesting a potential regulatory role in disease risk. RTEL1 (Regulator of 
Telomere Elongation Helicase 1) encodes a DNA helicase essential for maintaining 
genomic integrity, specifically at telomeres (Hourvitz, Awad, and Tzfati 2024). It is 
also involved in DNA repair, replication and transcription by unwinding secondary 
structures, primarily G4s, at promoter regions (Kotsantis et al. 2020). The location 
of this VNTR within a regulatory region that interacts with the promoter of RTEL1 
suggests it may influence RTEL1 expression. This is aligned with previous work 
showing that TRs can function as transcription enhancers, with their activity 
modulated by repeat length (Marshall et al. 2021; Usdin 2008). 
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As AD is closely tied to ageing, there is an increased vulnerability to genomic instability 
due to the loss of heterochromatin (J.-H. Lee et al. 2020; Villeponteau 1997). This 
may disrupt the regulation of RTEL1, potentially accelerating disease progression 
via mechanisms such as telomere shortening and increased DNA damage (Hourvitz, 
Awad, and Tzfati 2024; Smoom et al. 2023; Uringa et al. 2012). While we did not 
assess the functional impact of VNTR variation in our study, future work should 
focus on testing how different VNTR lengths affect RTEL1 gene regulation. For 
example, luciferase reporter assays could be used to explore how changes in VNTR 
length may affect gene expression in human-derived neuroblastoma cell lines. The 
element of ageing could be simulated by inducing cellular senescence through DNA 
damage (Di Micco et al. 2021). 

This VNTR may also impact TNFRSF6B, a gene involved in modulating 
immune responses. TNFRSF6B encodes a decoy receptor shown to reduce 
neuroinflammation, promote amyloid-β clearance, and improve cognition in AD 
mouse models (Y.-L. Liu et al. 2017). In our data, shorter VNTR alleles were linked 
to AD, while longer alleles correlated with rs55765053, a SNP located in TNFRSF6B 
that is in modest linkage disequilibrium with the lead protective variant rs6742 
(Bellenguez et al. 2022). This suggests a possible mechanism in which VNTR length 
variation influences TNFRSF6B expression and, in turn, AD susceptibility. Thus, 
to further investigate this, CRISPR-edited iPSCs-derived microglial cells carrying 
different VNTR alleles could be used in targeted RNA-seq experiments, combined 
with cytokine secretion assays or immune challenge experiments (e.g., stimulation 
with amyloid-β peptides) to evaluate whether VNTR-driven changes in TNFRSF6B 
expression modulate microglial immune responses.

An important limitation of short-read data is that it cannot be directly used to assess 
the size of VNTRs, when the VNTR exceeds the size of the DNA-sequencing reads 
that were used. However, indirectly, we used the short-read data to infer the size of 
the VNTR based on the relative coverage of DNA sequencing reads on any typical 
VNTR in our genome. The results obtained from this analysis were further validated 
using a small long-read sequencing dataset, which confirmed the AD-associated 
VNTR in RTEL1 gene. While our current findings remain preliminary, our analysis 
proves that short-read data can be used to predict and estimate contractions 
or expansions of VNTRs in our genomes. This is only an estimation, while long-
read sequencing data can accurately genotype the VNTRs. However, currently the 
sample size of individuals for which long-read sequencing data is available is not 
yet large enough to allow for an accurate genetic association study. At present, new 
developments are in place to gather a dataset of AD patients and centenarians of 
considerable sample size for the study of risk and protective variants.
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Concluding remarks
This thesis provides substantial support for the conception that repetitive DNA, 
particularly VNTRs and SVA elements, should be considered promising candidates for 
being genetic contributors to the development and progression of neurodegenerative 
diseases such as Alzheimer’s disease. During this study, pioneering advances have 
been made that enabled the characterization of repetitive DNA elements, either 
focussing on previous GWAS-identified loci to AD or unravelling completely novel 
loci. The next step is to pair larger long-read sequencing datasets with functional 
assays to understand how these genetic elements regulate genes in time- and cell-
type-specific ways, and to what extent structural variations causes differential gene 
regulation between healthy or disease-affected individuals in the human population. 
Ultimately, the novel insights reflected in this thesis - that the repetitive regions 
of our DNA should not be ignored, but instead their structure, functionality and 
polymorphisms should be carefully studied in relation to human disease - could 
reshape our understanding of the complex genetics underlying neurodegenerative 
diseases like AD.
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Nederlandse Samenvatting

In dit proefschrift onderzoeken we de rol van repetitief DNA in de genetische 
architectuur van de ziekte van Alzheimer, met een focus op hoe structurele variaties 
in TRs en TEs kunnen bijdragen aan de vatbaarheidvoor de ziekte. Hoewel GWAS-
onderzoeken talrijke risicoloci voor AD hebben geïdentificeerd, blijft een aanzienlijk 
deel van de erfelijkheid onverklaard. Ons doel is om verborgen genetische variaties 
binnen AD-geassocieerde regio’s op te sporen en hun potentiële genregulerende 
functies te beoordelen door genetische, epigenetische en transcriptomische 
analyses te integreren. Met dit werk hopen we nieuwe inzichten te bieden in de 
genetische basis van AD.

In hoofdstuk 1 beginnen we met een uitgebreid overzicht van AD-geassocieerde 
loci, waarbij we structurele varianten van repetitief DNA in elk locus in overweging 
nemen. Met behulp van een gepubliceerde GWAS hebben we een fine-mapping-
analyse uitgevoerd en 29 genomische risicoloci (GRL) geïdentificeerd die 
geassocieerd zijn met AD. Binnen de grenzen van de GRL hebben we een dataset 
van structurele varianten geïntegreerd en 202 varianten in 16 GRL gevonden. 
Opvallend is dat clusters van intergene, door GWAS geïdentificeerde SNP’s zich 
rondom structureel variabele SVA’s (SV-SVA’s) bevinden; daarom geven we prioriteit 
aan deze loci voor verdere functionele analyse.

Hoofdstuk 2 onderzoekt structurele variatie in TE’s die actief zijn gebleken in 
een neuronale omgeving, en hun associatie met neurologische aandoeningen. 
We gebruikten gepubliceerde long-read sequencing en PCR-analyse om de hoge 
mate van structurele variatie van SVA-elementen in het gehele menselijke genoom 
bloot te leggen. Gezien een aanzienlijk aantal SV-SVA’s zich bevindt in loci die 
geassocieerd zijn met neurologische aandoeningen, hebben we de functionele 
impact van deze elementen onderzocht in 3 loci: BIN1 en CD2AP, geassocieerd 
met Alzheimer, en BCKDK, geassocieerd met de ziekte van Parkinson. Genetische 
deleties van de SV-SVA’s werden aangebracht in humane embryonale stamcellen 
met behulp van het CRISPR-Cas9-systeem, waarna corticale organoïden werden 
gegenereerd als model voor een neuronale omgeving. Epigenetische kenmerken 
veranderden na deletie van de BCKDK-SV-SVA, in genen nabij de deletieplaats, en 
transcriptomische analyse toonde differentiële expressie van FUS, 75 kb verderop. 
Er werden geen epigenetische of transcriptomische veranderingen waargenomen 
bij de BIN1-SVA-KO. Wat betreft de intronische CD2AP-SVA werd RNA CaptureSeq 
uitgevoerd, waaruit verminderde expressieniveaus bleken voor alle CD2AP-exonen 
stroomafwaarts van de SVA-insertieplaats. Samengevat laten onze bevindingen 
een nieuwe laag van verborgen genetische variatie zien waarmee rekening moet 
worden gehouden bij het inschatten van het risico op complexe ziekten.
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In hoofdstuk 3 zetten we het werk uit hoofdstuk 1 voort door een functionele 
beoordeling te geven van twee SV-SVA’s die zich respectievelijk in of stroomopwaarts 
van de AD-geassocieerde genen PSEN1 en PICALM bevinden. Hier gebruiken 
we dezelfde methode als beschreven in hoofdstuk 2: we genereerden SV-SVA-
KO corticale organoïden en voerden RNA CaptureSeq uit voor een hoge resolutie 
van het locus-transcriptoom. Er was geen bewijs voor een regulerend effect 
van de SV-SVA in het PICALM-gen in de context van een neuronale omgeving. 
Bij deletie van de intronische SV-SVA in PSEN1 toonden voorlopige bevindingen 
echter verhoogde expressieniveaus aan van transcripten die geassocieerd zijn met 
nonsense-mediated decay.

In hoofdstuk 4 duiken we in een genetische associatiestudie om VNTR’s te 
identificeren die geassocieerd zijn met AD-risico. We gebruiken een short-read 
sequencing dataset van het ADSP-cohort om VNTR’s te detecteren waarvan de 
lengte is toegenomen of afgenomen bij het merendeel van de AD-patiënten, of 
bij een subgroep daarvan, in vergelijking met controles. We ontdekten 52 VNTR’s 
met een suggestieve associatie met de ziekte, waarvan 5 werden gerepliceerd 
in een onafhankelijke long-read sequencing dataset bestaande uit AD-patiënten 
en cognitief gezonde honderdjarigen. We lichten de meest veelbelovende AD-
geassocieerde VNTR eruit, gelegen in een regulerend element binnen het RTEL1-gen, 
in het promotorgebied van TNFRSF6B en in het fusietranscript RTEL1-TNFRSF6B. 
RTEL1 is een verouderingsgerelateerd gen dat betrokken is bij celhomeostase, 
terwijl TNFRSF6B, dat een  immunosuppressieve functie heeft, geassocieerd is met 
AD. Waar kortere lengtes van de VNTR geassocieerd zijn met AD, correleren langere 
lengtes met een beschermende GWAS-SNP rs55765053 in TNFRSF6B, die op zijn 
beurt in matige LD staat met de belangrijkste beschermende SNP rs6742. Verdere 
functionele analyse is nodig om onze voorlopige bevindingen te valideren.
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