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Abstract

Human health status and disease onset are shaped by both genetic and environmental factors
through intricate interactions. An accurate estimate of heritability—the proportion of
phenotypic variance due to genetic differences—is important for understanding the
mechanisms underlying physiological changes and disease. High heritability for many traits
has been reported by twin and family studies, leading to the expectation that this heritability
would be replicated by genome-wide association studies (GWAS), which identify significant
genetic loci at the population level. However, conventional GWAS based on SNPs explain
much less heritability than estimates from twin and family studies, a phenomenon known as
“missing heritability”, which may obscure the true relationship between phenotype and genetic
factors. Some of the “missing factors” that are thought to underlie this discrepancy include: the
incomplete capture of relevant genetic contributions in previous GWAS, and the
misspecification of gene-environment relationships due to insufficient consideration of

population background.

To improve heritability estimates and thereby enhance the validity of genetic association, it is
essential to identify the missing factors and incorporate them appropriately. In this thesis, I
hypothesize that two key components are required to address the issue of missing heritability:
A) the identification of currently unrecognized genetic or environmental factors, and B) an

optimized model capable of incorporating these factors.

Focusing on genetic factors, some of the missing factors are thought to involve elements that
are difficult to detect using conventional GWAS due to their combinatorial complexity and low
frequency—particularly epistatic interactions with synergistic effects. Additionally, since
GWAS generally assumes a linear effect model, an alternative modeling is required to capture

such synergistic effects. The first study in this thesis focuses on applying GWAS to identify



epistatic interactions in Japanese rheumatoid arthritis (RA) studies. The GWAS identified 90
high-order SNP combinations associated with RA, each involving three or more SNPs in the
discovery cohort. In the validation cohort, 82.2% of these combinations (74 out of 90) were
successfully replicated, and one combination composed of SNPs located on different

chromosomes exhibited a synergistic effect as an optimized genetic model.

Additionally, I explored the relationship between viral infection, as a representative
environmental factor, and host genetics since it is known to be associated with health status
and diseases onset. The prevalence of viruses in human cells, particularly in the case of latent
infections, varies across geographic and host genetic backgrounds, potentially influencing
heritability estimation. In the second study of this thesis, I focused on viral quantities in human
blood cells detected by whole-genome sequencing (WGS) across cohorts from Europe,
Australia, Canada, and Japan. Comparative association analyses based on geographic and
genetic differences showed that both backgrounds contribute to the prevalence of DNA viruses.
To investigate host genetic factors, GWAS were conducted and identified significant
associations in the MHC region. Subsequent HLA typing further revealed specific alleles and

amino acids residues associated with the viral prevalence.

These findings reveal missing factors spanning relationships from host genetic variants to gene-
environment contexts, potentially underlying missing heritability. The complexity and close
interrelationship between the detection of missing factors and the construction of appropriate
models highlight the need for their simultaneous evaluation in accurate heritability estimation.
By systematically accounting for missing factors in intra-genetic and genetic—environment
interactions, this thesis addresses some of the limitations of conventional GWAS and can serve

as a tool to improve future studies.
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Résumé

L’état de santé humain et I’apparition de maladies sont déterminés par des facteurs génétiques
et environnementaux via des interactions complexes. Une estimation précise de I’héritabilité
— la proportion de la variance phénotypique attribuable aux différences génétiques — est
essentielle pour comprendre les mécanismes sous-jacents aux changements physiologiques et
aux maladies. Des ¢études de jumeaux et de liaisons ont révélé une forte héritabilité pour de
nombreux traits. On s'attendait a ce que cette héritabilité soit répliquée par des études
d’association pangénomique (GWAS), identifiant des loci génétiques significatifs au niveau
populationnels. Cependant, les GWAS classiques fondées sur les SNPs expliquent moins
d’héritabilité que les estimations issues des études de jumeaux et de liaison, un phénomene
connu sous le nom d’« héritabilit¢ manquante », qui peut masquer la véritable relation entre le
phénotype et les facteurs génétiques. Différents « facteurs manquants » seraient a 1’origine de
cette discordance, incluant : la prise en compte limitée des facteurs génétiques appropriés dans
les GWAS précédentes, et une spécification erronée des relations génes-environnement en

raison du manque de considération du contexte populationnel.

Pour améliorer les estimations de I’héritabilité et donc renforcer la validité des associations
génétiques, il est essentiel d’identifier les facteurs manquants et de les intégrer de manicre
appropriée. Cette thése, émet I’hypothese que deux éléments clés sont nécessaires pour aborder
la question de I’héritabilité manquante : A) I’identification de facteurs génétiques ou
environnementaux actuellement non pris en compte, et B) I’¢laboration de modeles optimisés

capable d’intégrer ces facteurs.

Concernant les facteurs génétiques, on suppose que certains facteurs manquants concernent des
¢léments difficiles a détecter par les GWAS conventionnelles, en raison de leur complexité
combinatoire et de leur basse fréquence — en particulier les interactions épistatiques a effets

synergiques. Par ailleurs, les GWAS reposent généralement sur un modele d’effet linéaire,

il



nécessitant une modélisation alternative pour capturer de tels effets. La premiére étude de cette
these porte sur 1’application des GWAS pour I’identification d’interactions épistatiques dans
des études japonaises sur la polyarthrite thumatoide (PR). Ces analyses ont identifi¢, dans la
cohorte de découvertes, 90 combinaisons de SNP d’ordre élevé associées a la PR, chacune
impliquant trois SNP ou plus. Dans la cohorte de validation, 82,2 % de ces combinaisons (74
sur 90) ont été répliqués avec succés. Une combinaison, composée de SNP localisés sur
différents chromosomes, a présenté un effet synergique, constituant un modele génétique

optimisé.

Nous avons également exploré la relation entre 1’infection virale — en tant que facteur
environnemental représentatif — et la génétique de 1’hote car elle est étroitement liée a 1’état
de santé et a ’apparition des maladies. La prévalence des virus dans les cellules humaines,
notamment dans le cas d’infections latentes, varie selon ’origine géographique et le bagage
génétique de I’hote influengant I’estimation de I’héritabilité. La deuxiéme étude de cette thése
se consacre aux quantités virales présentes dans les cellules sanguines humaines, détectées par
séquencage du génome entier (WGS) dans des cohortes issues d’Europe, d’Australie, du
Canada et du Japon. Les analyses comparatives d’association, axées sur les différences
géographiques et génétiques, ont révélé que ces deux facteurs contribuent a la prévalence des
virus 2 ADN. Pour étudier les facteurs génétiques de 1’hote, des GWAS ont été menées et ont
identifi¢ des associations significatives dans la région du MHC. Le typage HLA effectué¢
ultérieurement a permis d’identifier des alleles spécifiques et des résidus d’acides aminés

associés a la prévalence virale.

Ces résultats révelent des facteurs manquants impliquant des relations allant des variants
génétiques de I’hote aux contextes gene-environnement, qui pourraient étre a 1’origine de
I’héritabilit¢ manquante. La complexité et I’étroite interdépendance entre la détection de ces

facteurs et la construction de modéles appropriés soulignent la nécessité¢ de les évaluer
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conjointement pour une estimation précise de I’héritabilité. En prenant systématiquement en
compte certains facteurs manquants dans les interactions intra-génétiques et geéne—
environnement, cette thése aborde les limites des GWAS conventionnelles et pourra contribuer

a améliorer leur cadre méthodologique.
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1. Introduction

1.1 Overview

1.1.1 The development and application of GWAS in genomic medicine

Elucidating the relationship between genetic variants and phenotypes is crucial for unraveling
the mechanisms underlying disease onset and progression. Family-based analyses, which rely
on detailed pedigrees, have been instrumental in identifying causative genes for diseases with
strong familial inheritance, such as Huntington's disease [1]. However, this approach is less
effective for diseases that occur in unrelated individuals and are influenced by multiple genetic
loci, such as autism [2]. To address such cases, genomic studies have increasingly adopted a
genome-wide approach that leverages genetic variants like single nucleotide polymorphisms
(SNPs), to scan the genome for associations with disease. In these studies, known as genome-
wide association studies (GWAS), statistical significance is determined by comparing the
frequency of each SNP between cases (individuals with the disease) and controls (individuals

without the disease).

At first, SNPs used in GWAS were measured using PCR-based assays. For example, a study in
Japan in 2002 analyzed 92,788 SNPs and identified significant associations between two SNPs
in the LTA gene and myocardial infarctions in a cohort of 1,133 cases and 1,006 controls [3].
Subsequently, GWAS studies shifted to microarray-based SNP detection methods. In 2005, a
case and control study of Age-related Macular Degeneration investigated 116,204 SNPs using
microarray and found significant associations with two SNPs in the CFH gene based on 96
cases and 50 controls [4]. As the technology advanced to measure more SNPs, the need for
multiple-test correction required a more conservative threshold to achieve statistical power to
help distinguish between spurious and true associations. Increasing sample sizes has been

regarded as an effective strategy to address this challenge. Therefore, later studies expanded



both the sample size and SNP density for statistical testing. For example, The Wellcome Trust
Case Control Consortium (WTCCC) measured 500,000 SNPs in 14,000 cases and 3,000
controls and identified significant associations with one SNP in bipolar disorder, one SNP in
coronary artery disease, nine SNPs in Crohn’s disease, three SNPs in rheumatoid arthritis (RA),

seven SNPs in type 1 diabetes and three SNPs in type 2 diabetes [5].

1.1.2 Missing heritability

Observational studies in epidemiology have demonstrated that environmental factors such as
diet [6], smoking [7], alcohol consumption [8.9]. and infectious diseases [10.11] significantly
contribute to disease progression. However, genetic factors have also been considered to
influence the progression of the disease. Heritability assesses the extent to which genetic
factors explain phenotypic variation and is defined as the proportion of this variation explained
by additive genetic effects, which had been established before GWAS developed [12]. In the
early stages, heritability was estimated in classical twin studies as additive narrow-sense
heritability by comparing correlation coefficients between monozygotic (MZ) and dizygotic
(DZ) twin pairs based on the premise that MZ twins share all their genetic material and
environmental influences, whereas DZ twins share the same environment but only
approximately half of their genetic material [13.14]. This assumption of equal environmental
sharing within a family became known as the Equal Environmental Assumption (EEA), based
on a study showing minimal differences between twins whose parents misclassified their
zygosity [15]. Following this approach, a twin study in Australia estimated that the heritability
of height was 0.91 based on an additive genetic model [16]. However, when genetic studies
attempt to identify specific genetic factors contributing to phenotypic variation, they often
explain only a small fraction of the expected heritability. For instance, the genome-wide

significant SNPs associated with height identified in early GWAS accounted for just 0.02 to



0.04 of the additive phenotypic variance in population-scale analyses of unrelated participants
17-19]. This discrepancy between the heritability estimated from twin studies and the

proportion explained by genome-wide significant SNPs is referred to as "missing heritability"

[20].

The concept of "missing heritability" in genetics is thought to stem from two primary factors
[21]: 1) missing factors and 2) modelling limitations. First, heritability estimates from twin
studies accounted for all genetic factors, encompassing both common and rare genetic loci with
varying effect sizes, which has already been pointed out in the early stage of heritability
estimates [14]. Meanwhile, conventional GWAS often fail to capture all genetic variants that
may be associated with a phenotype. One approach to addressing missing heritability is to
aggregate subthreshold SNPs and assess their combined effect. Even when considering the
aggregate contribution of common genotyped SNPs, including loci that are not genome-wide
significant, the SNP-based heritability of height only reached 0.45, well below the 0.91
estimated from twin studies [22]. This discrepancy partly reflects limitations of microarray-
based studies: rare SNPs are generally not represented on standard genotyping arrays, and
structural variants (SVs) are often technically difficult to detect; as a result, such variants are
either not represented or are difficult to detect using microarray-based approaches [21]. On the
other hand, in twin studies, gene-gene interactions (epistasis), where synergistic effects
between genes may be absorbed into twin-based heritability estimates, with the true epistatic
contributions remaining missing since twins share genotypes [23]. Since epistatic interactions
are not comprehensively known, these epistatic interactions are typically not accounted for in
GWAS. Second, from a modelling perspective, an individual effect size can vary substantially
depending on the genetic model applied. The heritability estimated by SNPs may misestimate
the true genetic contribution because the additive genetic model commonly used in GWAS

captures only additive effects and may fail to account for non-additive interactions such as



dominance and epistasis, highlighting the uncertainty in capturing the full genetic architecture.
In contrast, heritability estimates derived from twin studies may be inflated by both shared
environmental influences that are correlated with genetic similarity, resulting in a violation of
the EEA, and by gene—environment interactions [24]. In such cases, environmental factors may
amplify or suppress genetic effects in a context-dependent manner, leading to an overestimation
or underestimation of genetic contributions. For example, as demonstrated in a previous GWAS
[25], genetic factors can promote or suppress smoking behavior, which is typically considered
an environmental factor. However, such interactions are not fully incorporated into GWAS
analyses due to limited information on the specific genetic and environmental factors involved,

as well as the complexity of modelling these interactions.

Heritability estimates can also vary depending on environmental distributions, which are
shaped by chronological or geographical differences, even within the same population. For
instance, viral infections are significant environmental factors where both genetic susceptibility
and regional spread of the virus contribute to phenotypic outcomes. The Human Leukocyte
Antigen (HLA), with alleles that exhibit considerable diversity across geographic regions, has
been reported to be associated with latent infections, such as Hepatitis B virus (HBV) [26] and
Human T-lymphotropic virus type 1 (HTLV-1) [27]. Therefore, it is imperative to incorporate
both genetic and environmental factors when trying to identify the association between those

factors belonging to individuals, such as case-control studies.

1.2 Epistatic interaction in complex disease

1.2.1. Challenges in the discovery of epistatic interactions
1.2.1.1 Multiple testing correction for unlimited SNP combinations

Given the large number of SNPs analyzed in GWAS, the significance level @ must be adjusted



to account for multiple testing. The commonly used Bonferroni correction controls the family-
wise error rate (FWER) [28]. and the significance level is expressed as a = OLWLS, where M is

the total number of tests performed. In practice, many GWAS studies employ a significance

level of @ = 5.0 x 1078 = %. This is based on the estimated number of haplotype blocks

10%) in the human genome defined by loci with low recombination rates [29].
y

In the context of epistatic SNP interactions, it is necessary to test combinations of two or more
SNPs. As such, the total number of possible combinations with N SNPs is given by 2V-1,
which results in an excessively stringent implementation of the Bonferroni correction. To
reduce the number of tests and shrink potential candidates, previous studies focused on
significantly associated SNPs before exploring epistatic interactions with synergistic effects.
However, this approach may overlook SNPs that exhibit significant associations only when
interacting with other SNPs. For example, a cardiovascular study used gene function analyses
and identified an epistatic interaction involving SNPs, including one that did not have a

significant association with cardiovascular risk when considered individually [30].

1.2.1.2 Statistical modelling of the epistatic interactions

In GWAS, it is required to select an appropriate genetic model that aligns with the phenotypic
characteristics under investigation. To estimate the genetic effects of independent variants, the
linear-additive logistic model is often employed in conditional analyses in conventional GWAS,
particularly in case-control studies. However, when assessing the synergistic effects arising
from epistatic interactions, it is typically assumed that a non-additive and/or non-linear model
is required. Unfortunately, these models are often not rigorously evaluated in conditional
analyses [31]. Therefore, prior to exhibiting statistical significance, it is essential to optimize

the model to prevent the selection of an arbitrary model. This can be achieved by utilizing



criteria such as the Akaike Information Criterion (AIC) to identify the most optimized model

among the potential candidates [32].

1.2.2. Identification and evaluation of epistatic interactions
1.2.2.1. Effective screening of SNP combinations

As the number of SNPs and the order of interactions considered increase, the Bonferroni
correction for multiple testing leads to a conservative significance threshold due to the large
number of SNP combinations. This leads to a trade-off between discovering novel interactions
and maintaining statistical power for detection. Consequently, the effective screening of
meaningful SNP combinations is necessary to mitigate the impact of the lowered significance
threshold. The process generally consists of two steps: 1) pruning or selecting SNPs, and 2)
searching for SNP combinations. The specific order and iterations of these two steps depend
on the applications. Since exhaustively searching for all possible combinations is
computationally expensive, knowledge-based and statistical-based approaches have been
implemented. Drawing on prior reports, the knowledge-based approach succeeded in detecting
epistatic interactions by testing combinations of candidate SNPs previously reported in high-
density lipoprotein cholesterol levels studies [33], as well as by aggregating autism-associated
SNPs into biologically informed networks or pathway sets that were subsequently tested for
interaction effects. [34]. However, this approach may introduce bias due to reliance on existing
research, called publication bias. In contrast, the data-driven approach identifies interactions
based on the frequency of co-occurrence of SNPs in the input data, thus avoiding publication
bias. Ultimately, high-order interactions can be simplified to pairwise interactions to facilitate

analysis. The BOOST algorithm, which can perform an exhaustive search for all SNPs [35],

can reduce the total number of tests , C, = @ However, the availability of computing

resources remains a limiting factor. To resolve this problem, pruning methods have been



developed to focus on the high joint frequency of SNPs in the high-LD regions, such as
LINDEN [36], making them suitable for genetic datasets. However, these methods cannot
exhaustively search for all interactions. The multifactor-dimensionality reduction (MDR) was
developed to identify high-order interactions [37]. By utilizing algorithms developed in
informatics, such as item mining algorithms, it becomes possible to avoid redundant testing by
excluding combinations that are not worth testing. Among these, LAMPLINK [38] uses the
LAMP [39.40] algorithm to efficiently prune the search space and enumerate only a reduced
set of combinations, followed by identification of statistically significant ones after Bonferroni

correction.

1.2.2.2 Optimizing statistical model for epistatic interactions

Several models can be used to test associations, including Fisher’s exact probability test or
Pearson’s Chi-squared test, as applied in LINDEN [36] and LAMPLINK [38], as well as
logistic regression in BOOST [35]. The effect sizes of epistatic interactions are typically
expressed through genotype models, which are chosen arbitrarily, depending on the application.
In contrast, the application of MDR can identify high-risk genotype models from contingency
tables of genotypes for each SNP by comparing the cases and controls. These models are
evaluated through cross-validation and permutation tests [37], with the added constraint of
limiting the number of SNPs or genes [41]. Although genetic models are dependent on SNPs,
current applications do not allow flexible adjustments across all possible genome-wide
combinations. After screening candidates for epistatic interactions under a given model, re-

evaluating the genetic model can further strengthen the detection process.

1.2.3 Rheumatoid arthritis as a relevant phenotype in the epistatic interactions study



Rheumatoid arthritis (RA) is a complex autoimmune disease causing multiple joint
inflammation with a global prevalence ranging from 0.5% to 1% [42]. Twin studies have
demonstrated the heritability of RA to be 53% in the United Kingdom data, 65% in the Finnish
data from European [43] and 56.1% in the Japanese cohorts [44]. Additionally, it is estimated
that 30-50% of the heritability is attributable to the HLA-DRBI alleles [45.46]. The association
with HLA regions has been consistently replicated across various cohorts in GWAS [47-49].
In terms of epistatic interactions, combinations of HLA genes and non-HLA regions [50.51] or
exclusively of non-HLA regions, such as BANKI and BLK [52], have been reported to be
associated in different cohorts. These interactions have primarily been identified through
knowledge-based approaches. Consequently, RA is expected to involve epistatic interactions

that could be uncovered through data-driven approaches.

1.3 Identification of interactions across host and virus genomes

1.3.1 The associations between host and viral factors

In addition to the previous sections highlighting the importance of epistatic interactions within
the host genome, it is also necessary to consider environmental factors, particularly the
microbiome, which represents external influences that can shape host phenotypes. One study
showed the gut microbiome was more similar in MZ twins than in DZ [53]. Another study
involving 21 MZ twin pairs found that intestinal virome similarity between twins [54]. These
findings suggest that estimates of heritability may be confounded, as MZ twins typically share
not only their genomes but also environmental exposures such as viruses, potentially leading
to overestimates of genetic contributions.

There are numerous interactions between human cells and various infectious viruses. For
example, Anellovirus, typically infecting humans within the first two years of life, is considered

a commensal virus [55]. Human herpesvirus (HHV) 6 establishes latent infections by



interacting with T-cells following primary infection and persists in monocytes or macrophages.
During severe immunosuppression to deactivate T-cells, such as after hematopoietic stem cells
or solid organ transplantation, HHV-6 can be reactivated, potentially triggering encephalitis
[56]. Burkitt lymphoma was the first human malignancy reported to be associated with Epstein-
Barr virus (EBV) [57]. This association is mechanistically explained by the t(8;14)
chromosomal translocation, which leads to constitutive activation of the c-myc gene
transcription [58]. In Nasopharyngeal carcinoma (NPC) and gastric cancers, EBV infection is
associated with the expression of viral genes such as EBNAI1 and LMP1, which have been
implicated in oncogenic processes [59]. Additionally, a study utilizing genomic DNA from
NPC detected integration sites near tumour suppressor genes [60], suggesting that the
integration of the EBV genome into somatic cells during latency might influence tumour
progression through a different mechanism. The integration of HBV around cancer driver genes
is known to trigger hepatocellular carcinoma [61]. Recently, Anellovirus, which has been
considered a commensal virus, has been reported to be associated with autoimmune diseases
and SARS-CoV-2 infection [62], illustrating how viral infection status and the corresponding
immune response can contribute to the development and progression of various diseases. In
contrast, integration of HHV-6 into the human germline genome has occurred in the distant
past. These HHV-6 sequences are now inherited across generations, with a prevalence of
approximately 1% in the UK based on blood donor samples [63] and 0.8% in the Japanese
cohort based on cord blood donor samples [64].

On the other hand, viruses exhibit extensive polymorphism, as reflected in their high mutation
rates, ranging from 107® to 10~* mutations per nucleotide per cell infection, including insertions
and deletions [65], compared to a rate of 2.66x107° per cell division in human somatic cells
[66]. A vast number of viral sequences have been cataloged in public databases: as of
November 2024, Refseq [67] contains representative sequences for 18,688 viral species, while

GenBank [68] hosts 13,699,372 virus sequences, including redundant entries for the same



species. The questions to address are which viruses, and to what extent, are these viruses
associated with human health status among the vast diversity of viral species.

Additionally, specific HLA alleles have been reported to be associated with chronic infections
by HBV [26] or HTLV-1 [27], illustrating the interactions between genetic factors (host
genome) and environmental factors (viruses). However, twin studies struggle to distinguish
these effects when estimating heritability, as MZ twins typically share the same HLA alleles
and the infection risk that is determined by the environment. To address this limitation,
association studies in the general population are necessary to elucidate host genome and virus
interactions, taking into account genetic and geographical backgrounds, which is crucial for

advancing disease research.

1.3.2. The challenges to distinguish genetic and environmental associations

Meta-analyses enhance the statistical power of GWAS by aggregating summary data across
multiple studies of similar or diverse populations, with consistency of effects across studies
pointing towards more robust associations. These analyses also help identify genetic factors
that may be associated with different populations. However, when significant associations are
observed only within a particular population, these findings may result from genetic and/or
environmental differences. Distinguishing between these two factors becomes challenging
when meta-analyses are conducted on cohorts with vastly different genetic and geographical
backgrounds. To address this issue, additional comparisons using data from participants of
cohorts from similar populations but collected from different locations are necessary to
disentangle genetic associations from environmental influences.

When a cohort includes populations from multiple populations, it is crucial to ensure
concordance in genetic architecture across cohorts. For example, a single-cell RNA study of

PBMCs conducted in the United States using samples with ancestry inferred from genetic data
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reported that infection-responsive genes showed stronger enrichment of type I and II interferon
(IFN) pathways in certain cell types following influenza A virus from European ancestry males
than in the corresponding cell types from African ancestry males[69]. To accurately compare
geographical differences, it is essential to classify individuals into populations with similar
genetic backgrounds. Principal component analysis (PCA) [70] can be used to project
individuals into a space based on eigenvectors calculated from genome-wide SNP data of
reference populations, such as those in the 1000 Genomes Project and the Human Genome
Diversity Project (HGDP) [71]. By measuring the distance between an individual’s projected
point and the cluster of reference populations in this space, it is possible to annotate them to
the most probable population. Additionally, incorporating variables, such as age and sex, into
cohort comparisons is critical, as immune responses are significantly influenced by these
phenotypes. For instance, immunosenescence is known to weaken immune responses in aging

72], and immune responses tend to be more highly activated in females compared to males

[73].

1.3.3 Detection of viral reads from whole genome sequence of human cells.

Beyond human genetic factors, environmental contributors have long included viruses, and
many studies have pursued association analyses targeting individual viruses. In most studies,
viral sequences and their quantities were measured using DNA amplification techniques such
as quantitative PCR [74]. Since PCR requires primers designed from known virus genome
sequence, it may overlook certain viral sequences present in samples that are not specifically
targeted. In contrast, WGS was developed to detect DNA sequences in a sample without
requiring predefined targets, thus enabling a data-driven approach that is independent of prior
knowledge. In fact, WGS has demonstrated high reproducibility for inherited human genetic

variants, identifying 91% of single nucleotide variants (SNVs) across different sample
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preparations and bioinformatics pipelines in a study [75]. While WGS is initially used to detect
the host genome in cells, the sequencing reads also contain DNA from viruses that have
established latent infections or have been integrated into the host genome. These virus-derived
reads can be detected from WGS by focusing on reads that do not align to the human genome
reference [76]. The quantity of viral DNA in cells can be estimated by comparing the read
counts and genome sizes of the virus and the host, using the assumption that each host human
cell contains two copies of the genome.

In practical applications of WGS, phages such as PhiX developed by Illumina Inc. are
sometimes spiked into the sample at low proportions to improve the base quality of the reads,
which may result in artificial reads appearing in the sequencing data [77]. These artificial reads
are usually negligible in general WGS data analysis; however, they become a significant issue
in viral detection due to their high homology with viral sequences. Thus, artificial reads, which
are not present in the cell, can be mistakenly captured as viral sequences, leading to false-
positive estimates of viral quantities [78]. The types and amounts of artificial reads vary
depending on the library preparation method [79]; therefore, no standardized approach
currently exists for their correction. However, a blood microbiome study using WGS data from
healthy individuals, including viral reads, identified contaminants based on their high
prevalence or strong correlation with other contaminants within the same batch [80].
Nevertheless, the study also concluded that non-human-derived reads that are not classified as
contaminants may still persist. On the other hand, several papers have reported that empty wells
(i.e., no input DNA) were sequenced alongside experimental samples as negative controls to
monitor background contamination [78.81]. Nevertheless, because WGS has typically been
performed for purposes other than viral detection, it is difficult to evaluate background
sequences under strictly matched conditions. Therefore, to distinguish between contaminant
sequences and DNA viruses truly present in human cells, filtering of WGS reads using novel

bioinformatics approaches is required.
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1.3.4. Unbiased viral quantification observed in different dynamic ranges

The majority of viruses detected in previous WGS studies were DNA viruses, and these are
typically much less abundant than host DNA [82.83]. The estimates from real-time PCR studies
[84.85] indicate that only 1.7, 0.5, and 1.7 read pairs of EBV, HHV-6B, and HHV-7,
respectively, would be expected in WGS at a mean coverage of 30x with 150x2 paired-end
reads because latently infected cells constitute only a fraction of total white blood cells.
Under such conditions, it is likely that some samples do not contain viral reads in WGS data
even when the virus is present in human cells, resulting in false negative estimates of viral
abundance. The number of reads derived from viruses is correlated with that of human-derived
reads, which constitute the majority of WGS data. Therefore, the probability of detecting viral
reads depends on the total number of WGS reads, and viral quantities across different cohorts
may be biased, especially when the target coverage of WGS differs between datasets. Such
differences have not been a major concern so far, as most studies have been conducted using
WGS data within a single cohort. However, investigations of geographic and population
genetic differences require diverse WGS datasets from multiple cohorts, often generated by
different studies, making cross-cohort comparisons challenging due to experiment-dependent
biases. Therefore, it is necessary to address this emerging challenge to enable unbiased

comparisons of viral quantities derived from WGS of human cells across different platforms.

1.4 New strategy for GWAS and accurate heritability estimation (Objective
and hypothesis)
In this thesis, I will address missing heritability through two studies. In Chapter 1.2, I discussed

the potential epistatic interactions within the host genome that were difficult to detect due to
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the combinatorial explosions when we apply all combinations. These interactions are typically
not accounted for or appropriately modeled in conventional estimates of heritability. Using the
item mining approach, implemented in LAMPLINK, the first study will focus on identifying
epistatic interactions and optimizing genetic models using data from rheumatoid cohort studies.
Environmental factors may be mistakenly treated as genetic factors, potentially inflating
heritability estimates. Therefore, it is important to investigate whether viral exposures, as a key
environmental factor, have any association across genetic or geographical backgrounds. In the
second study, I will investigate interactions between viruses and humans based on the
hypothesis that the viral reads, annotated from unmapped reads in WGS data, may reflect
infections in the human body and exhibit patterns specific to geographical regions or population
genetics. This analysis involves extracting viral sequences from WGS data of human cells and
comparing their abundance across populations with diverse geographical and genetic
backgrounds. These findings will contribute to improving heritability estimates by integrating

epistasis and viral infections into GWAS analyses.
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2.1. Abstract

Genome-wide association studies have enabled the identification of important genetic factors
in many trait studies. However, only a fraction of the heritability can be explained by known
genetic factors, even in the most common diseases. Genetic loci combinations, or epistatic
contributions expressed by combinations of single nucleotide polymorphisms (SNPs), have
been argued to be one of the critical factors explaining some of the missing heritability,
especially in oligogenic/polygenic diseases. Rheumatoid arthritis (RA) is a complex disease
with more than 100 reported SNP associations, as well as various HLA haplotypes and amino
acids; however, many associations between RA and inter-chromosomal SNP combinations are
unknown. To discover novel associations of epistatic interactions with high odds ratios in RA,
we applied the LAMPLINK method, a systematic enumerative procedure for identifying high-
order SNP combinations, to a Japanese RA cohort (discovery cohort; 4024 patients with RA
and 7731controls). We validated the identified associations in a different Japanese cohort
(validation cohort; 810 RA patients and 6303 controls). In this study, we identified 90
significant genetic associations in the discovery cohort. Among these, 74 (82.2%) associations
were replicated in the validation cohort, and eight combinations were inter-chromosomal, all
of which comprised rs7765379 or rs35265698 located in the HLA region. These two SNPs
exhibited strong correlations with valine at amino acid position 11 in HLA-DRB1 (HLA-
DRB1-11-Val). Finally, we discovered that rs9624 showed an association with RA through an
epistatic interaction with HLA-DRB1-11-Val. Overall, LAMPLINK showed high reliability for

identifying epistatic genetic contributions hidden in complex traits.

2.2. Introduction

Genome-wide association studies (GWAS) identify genetic factors associated with disease;

therefore, they can help unravel the etiology of diseases. Most GWAS studies have focused on
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single nucleotide polymorphisms (SNPs). For even the resolution of SNP, we must consider
the massive number of variants in the human genomes and need a large sample size and high
calculation cost [1]. Oligogenic/polygenic diseases are associated with multiple loci, whereas
Mendelian diseases are associated with a few genetic loci. There are many studies of
oligogenic/polygenic diseases that the associations tested by single SNP showed the
insufficient effect sizes, implying the presence of undiscovered SNP combinations that has the
association with disease in high odds ratio only when all SNPs in the combination have effect
alleles [2]. To identify the genetic factors associated with these oligogenic/polygenic diseases
with high odds ratio, an association analysis based on multiple SNPs, the epistatic interactions,
are crucial. However, considering all possible combinations calculated from n» SNPs, which is
the astronomical number of 2™ — 1 makes the association analysis meaningless due to the
correction of multiple testing. Moreover, the allele frequency of the SNP combination is
decreased with an increase of the number of SNPs with low linkage disequilibrium (LD). Inter-
chromosomal combination involving SNPs of different chromosomes does not have LD.
Consequently, using conventional GWAS, SNP combinations tend to have lower detection

power than those of the single SNP.

Several approaches have been developed for association analysis of SNP combinations,
including exhaustive methods and filtering. The exhaustive methods, BitEpi [3] and BOOST
[4], test combinations of multiple SNPs while the number of SNPs included in combinations is
limited in these methods, owing to computer resources. The knowledge-based filtering method
estimates the effect size of the SNP combinations [5]. However, these approaches may not
detect all SNPs associated with diseases or traits only when combined with other SNPs. To
overcome these limitations, LAMPLINK was developed; it detects statistically significant
epistatic interactions of two or more SNPs [6.7]. This software is based on the LAMP algorithm

[8], which selects candidates for testing from all 2™ — 1 combinations by pruning the
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enumerative combinations in which no possibility of statistical significance is confirmed.
Based on Bonferroni’s method, using the count of selected combinations, LAMPLINK can
detect significant associations in high-order combinations using smaller correction factors for

multiple testing.

Rheumatoid arthritis (RA) is an autoimmune disease that systemically causes inflammation in
multiple joints and is considered an oligogenic/polygenic disease. To date, more than 100 SNPs
for RA, including those in the HLA region (located on 6p21.3), particularly HLA-DRBI, have
been reported to be associated using different ethnicities. The large meta-analysis of RA in a
GWAS study, using the European and East Asian populations showed that the odds ratios of
non-HLA regions estimated from a single SNP were between 0.93 and 1.81 [9]. Regarding the
HLA region, odds ratios showed the wide range according to the alleles or amino acids, an odds
ratio of 4.44 for HLA-DRBI1*04:01, 3.8 for valine at amino acid position 11 in HLA-DRBI,
whereas 0.38 for serine at amino acid position 11 in HLA-DRBI1 [10]. In addition, RA is
associated with epistatic interactions, such as those between HLA-DRBI and PTPN2 [11], BLK
and BANK]I [12], and 564 interactions between the HLA and non-HLA regions [13]. These
findings are based on single SNP based typical GWAS analyses. Polygenetic risk score (PRS)
of RA based on these findings alone, linearly considering multiple SNPs [14], is insufficient;

thus, determining SNPs epistatic interactions (associated with combinatorial effects) is crucial.

Here, we applied LAMPLINK to a Japanese cohort of 4024 RA patients and 7731 controls
recruited from the nationwide in Japan as a discovery cohort to detect high-order epistatic
combinations of SNPs. The results were evaluated using another independent Japanese cohort

of 810 patients with RA cases and 6303 controls.
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2.3. Materials and methods

Genotype data, quality control, and imputation

For the use of two Japanese cohort datasets in this study, ethical approval was obtained from
institutional review boards of RIKEN and Kyoto University. The first cohort was the discovery
cohort from BioBank Japan (BBJ) [15], which included 4024 patients with RA and 7731
controls; genotyping was performed using the [llumina OmniExpressExome genotyping array.
The second cohort was the validation cohort, which included 810 patients with RA (from the
Kyoto University [9]) and 6303 controls (from the NAGAHAMA study [16]); genotyping was
performed using the Illumina HumanHap610-Quad BeadChip and Infinium Japanese
Screening Array, respectively. The genotype data, obtained from for both cohorts, was
evaluated by applying the following: 1) SNPs with an overall call-rate of individuals was more
than 0.9 were selected; 2) Individuals in which the overall call-rate of SNPs was more than
0.99 were selected; 3) SNPs with an overall call-rate of individuals was more than 0.99 were
selected; 4) SNPs with p-values higher than 1.0x10° (based on the Hardy-Weinberg
equilibrium exact test) were extracted; and 5) SNPs with minor allele frequencies (less than
0.01) were removed. Consequently, 497,190 SNPs were used in the discovery cohort. These
quality filtering steps were conducted using PLINK [17].

After quality control, the SNP haplotypes were estimated using ShapelT [ 18], with the dataset
of the 1000 Genomes Project (1000G_Phase3 under the release of 20130502). Imputation was
conducted on each chromosome for the Phesel.v3panel of the 1000 Genomes Project using
Minimac3 [19]. After extracting the genotype on the array and removing mismatch alleles,
497,190 SNPs were used for the discovery cohort. We imputed the genotype of the validation

cohort using the same reference as the discovery cohort, independent of the array.

Detection of the combinatorial effect
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LAMPLINK [7] was used to detect SNP combinations that are significantly associated with
RA in the discovery cohort. Let n be the number of SNPs used in the analysis. LAMPLINK
surveys 2™ — 1 combinations of SNPs while omitting combinations that would not produce a
statistically significant threshold from their marginal counts to reduce the number of tests and
increase the significance threshold. Let the diploid genotype be “AA,” “Aa,” and “aa,” where
“a” is the effect allele. For each combination, the frequency of “aa” (the recessive genotype)
was tested between RA patients and controls using Pearson’s chi-squared test (the recessive
exclusive model). Subsequently, the resulting p-value (p_cor) was corrected using Bonferroni
correction based on the reduced number of SNP combinations.

Using LAMPLINK, we analyzed the following six SNP sets: 1) coding regions (13,285 SNPs),
2) regulatory regions defined by 5k bp upstream and 0.5k bp downstream regions from
transcription starting sites (49,955 SNPs), 3) Union of set 1 and set 2 (61,097 SNPs), 4) wide
regulatory regions in which the upstream area were expanded to 10k bp (86,724 SNPs), 5)
Gene regions which correspond to areas from the transcription starting site to the transcription
end site (214,885 SNPs), and 6) whole SNPs (497,190 SNPs). For each of the SNP sets, SNPs
were selected in analyses with a minor allele frequency (MAF) filter. MAF was adjusted in
increments of 0.05 from 0.05 to 0.35 (seven thresholds) in the discovery cohort. The SNP
annotations and locations were based on NCBI dbSNP for Genome Reference Consortium
Human Build 37 (GRCh37) release 147, and the transcription start sites were based on GRCh37
release 75. To avoid unfeasible calculations for large combinations of SNPs, we stopped
LAMPLINK when the program did not finish within five days. For all LAMPLINK executions,
the statistical significance level was set at 1.0. LAMPLINK defined an effect allele as a SNP
combination or a single SNP with the least frequent allele, while the reference allele was
defined as the most frequent allele.

We combined SNPs and SNP combinations and their p_cor values detected by LAMPLINK

performed in each SNP set and MAF threshold. When the same combination was detected in
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multiple runs, the maximum p_cor value was considered. Finally, SNPs and SNP combinations
with p cor values equal to or less than 0.05 were considered statistically significant
(confirming an association with RA). We also calculated the nominal p value (p_nom) for a
single SNP belonging to significant SNPs and SNP combinations using a two-tailed Pearson’s
chi-squared test under the recessive exclusive model. Odds ratios and the corresponding 95%

confidence intervals (95% CI) for SNPs between RA patients and controls were also calculated.

Validation of detected combinatorial effect

The 90 significant associations of SNPs and SNP combinations, including single SNP
associations, were detected in the LAMPLINK runs, and validated in the validation cohort. To
prepare the genotype of the significantly associated SNP combinations, identified in the
discovery cohort, we extracted the genotypes imputed by Minimac3, confirming that the RSq
was greater than 0.3, if the allele was not genotyped in the array. A two-tailed Pearson's chi-
squared test was used to calculate the p-values of the SNP combinations and SNPs. The
effective alleles were confirmed to be harmonized in the validation cohort. In the LAMPLINK
results, many detected SNPs were located in the HLA region and were shared among multiple
SNP combinations. Therefore, we used the composite LD (CLD) based method, defined by a
total ratio of eigenvalues in descending order (0.995) [20] for the correction of multiple testing
(instead of Bonferroni correction of the total number of tests). We used the recessive genotypes
of the SNP combinations and SNPs to calculate the CLD. Consequently, a correction factor of
50 was used for multiple testing and let p_v was the p-value multiplied of the factor in the

discovery cohort. Finally, signals with p_v <0.05 were considered to be replicated.

Characterization of the detected SNP combinations by the combined model
Correlations between p-values and odds ratios of the validated signal were evaluated using the

Kendall coefficient without ties, estimating r as a correlation coefficient [21]. The combined
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effect sizes of the two cohorts in each combination were estimated using the fixed-effect model
with the metafor [22] package in R. The product of the odds ratio in each inter-chromosomal
combination was calculated by multiplying the odds ratios with the single SNP of the non-HLA
region and the SNP combination or single SNP of the HLA region. We used UpSet [23] and

UpSetPlot (https://github.com/jnothman/UpSetPlot) to illustrate the SNPs in the combination

and their combined odds ratios. To evaluate our findings, we searched for the alleles in the
combinations of GWAS Catalogs downloaded from 2019-07-19 as RA (Experimental Factor

ID as EFO_0000685) [24]. We compared alleles with p-values less than or equal to 5.0 x1078,

HLA allele imputation

We imputed HLA-B, -DRBI, and -DPBI alleles of individuals in the validation cohort with
two-field HLA allele from SNP arrays used in this study with DEEP*HLA [25]. The Pan-Asia
panel [26.27] was used as the reference and lifted over to GRCh37 based on the rsIDs using
the TogoVar database [28]. Amino acids in the MHC groove domains (G-DOMAINs) were
annotated using the IPD-IMGT/HLA database (release 3.44.0) [29] and an external annotation
script [30]. Amino acids were symbolized by the HLA gene name-position-amino acid. Among
the significantly associated combinations in the validation cohort, we defined the correlation

1, (a,s) between HLA amino acid a and single SNP s in the HLA region as:

(Pa,s_PaXPs)z
Pg(1-Pg)Pg(1-Ps)’

m(a,s) =
where P, is the joint frequency of a@ and s in heterozygous, including compound

heterozygous and homozygous individuals, and P, and P, are frequencies of a and s in

heterozygous and homozygous individuals, respectively.

Estimation of combinatorial genetic models

The genetic model for RA of the inter-chromosomal combination by the HLA amino acid,
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whose association with RA under the additive effect model was reported [10], and the SNP in
the non-HLA region replicated in this study was estimated as follows. Among the eight non-
HLA SNPs, we excluded two SNPs whose odds ratio between RA patients and controls in the
recessive model by single SNP were below one in either the discovery or validation cohort. Let
y €{0,1} be an indicator variable of the RA patient (y =1) and control (y = 0) and x =
(x4, x5, x3), where x;, € {0,1} be indicator variables for heterozygous of HLA-DRB1-11-Val
(x; = 1), homozygous of HLA-DRBI1-11-Val (x, = 1), and non-HLA SNP (x; = 1) whose
status varies depending on the model. We assume that the posterior probability of y = 1 given
in dataset x is expressed by binomial logistic regression of the generalized linear model,

defined as:

exp(ag + a;x; + ayx, + B x3)

P(y=1 = ,
& %) 1+ exp(ay + a;x; + a,x, + B x3)

P(y=0|x) =1-P(y = 1]x),

where (@, a1, @y, B) € R* are parameters for variables. Either “Aa” or “aa” was defined as a
dominant genotype, and the association test used the frequency of this dominant genotype as
the “dominant model”. In this study, we estimated the parameters in seven models defined as
follows: 1, B =0 as a null hypothesis (null model); 2, x; =1 for individuals carrying
heterozygous or homozygous of non-HLA SNP (dominant model) as the additive effect of the
HLA region; 3, x3 = 1 for individuals carrying homozygous of non-HLA SNP (recessive
model) as the additive effect of the HLA region; 4, x3 = 1 for individuals carrying both
heterozygous or homozygous of HLA-DRB1-11-Val and heterozygous or homozygous of non-
HLA SNP; 5, x3 =1 for individuals carrying both heterozygous or homozygous of HLA-
DRBI1-11-Val and homozygous of non-HLA SNP; 6, x; = 1 for individuals carrying both
homozygous of HLA-DRBI1-11-Val and heterozygous or homozygous of non-HLA SNP, and
7, x3 = 1 for individuals carrying both homozygous of HLA-DRB1-11-Val and homozygous
of non-HLA SNP. Models 4-7 are considered epistatic interaction models. The parameters of

each model were determined using the maximum likelihood estimation using the glm package
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of R. The optimal model among the seven models was selected by the Akaike information
criteria (AIC). If the null model was selected, we rejected the additive or epistatic effect of the
non-HLA SNP. The significant level of the p-value in the coefficient of f was set to 0.05/3 =
0.0167 by the Bonferroni correction of multiple testing, considering the three parameters. If
the p-value was less than the threshold and the 95% confidential interval of the odds ratio was
higher than 1, we concluded that the non-HLA SNP had the effect size apart from that attributed

to HLA-DRB1-11-Val.

2.4. Results

Run results of LAMPLINK

In this study, LAMPLINK was used, with seven MAF thresholds, to analyze and detect six
SNP sets in the discovery cohort (4024 RA patients and 7731 controls). A total of 23 conditions
were completed within five days of runtime (Supplementary Table 1). The number of SNPs
used in LAMPLINK linearly increased according to the MAF in any SNP set (Fig. 1A). In
contrast, the number of SNP combinations selected by LAMPLINK exponentially increased
according to the MAF (Fig. 1B). Specifically, the count of used SNPs and SNP combinations
in ALL SNPs with MAF 0.15 are 159,754 and 540,985, respectively, while these in Coding
regions with MAF 0.35 are 10,006 and 59,394,760, respectively. This result indicates that the

number of SNP combinations strongly depends on the MAF, regardless of the SNP set.

24



1.0 x10°
15x10°

SNP set

1.0 x 10° ALL SNPs
Gene regions (TSS to TES)
Regulatory (-10k to +0.5k bp)
Regulatory (-5k to +0.5k bp) and Coding
Regulatory (-5k to +0.5k bp)
Coding regions

1.0x10°

5.0x10*

The number of selected SNPs

1.0 x10*

The number of selected combinations

5 10 15 20 25 30 35 5 10 15 20 25 30 35
MAF (%) MAF (%)

Fig. 1
Counts of selected SNPs (A) and SNP combinations (B) for the six SNP sets, according to a

minor allele frequency (MAF).

Detected SNP combinations associated with RA

LAMPLINK resulted in 23 conditions and detected 102 SNPs and SNP combinations that were
significantly associated with RA after Bonferroni correction, in each condition, by the number
of selected SNP combinations. If the selected SNP combinations overlapped in multiple
conditions, the maximum p_cor value was considered and 90 (78 SNP combinations and 12
single SNPs) significant associations (Table 1 and Supplementary Table 2) were observed.
Among the 90 associations, 54 distinct SNPs were identified, 37 of which were located in the
HLA region. In addition, twenty-two of the 78 SNP combinations were inter-chromosomal,
with all of the SNPs located in the HLA region (chr6:28477797-33448354). 12 of the 22 inter-
chromosomal combinations were SNP pairs, nine of which were trios, and one was a quartet
(Table 1).

The distribution of SNP combinations by minimum MAF showed that 97.8% of 90 associations

were detected in the range of 0.15-0.30 in MAF (Supplementary Table 3). The p cor of 12
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combinations fell above or below the LAMPLINK condition threshold (Supplementary Fig. 1).
Owing to the increase in the number of selected SNP combinations, a higher MAF was selected
and a higher p _cor was obtained (Fig. 1B). The SNP set with a combination in the regulatory
region (100,813,625 SNP combinations) and MAF of 0.30 balanced the false positive and false

negative rates.

The number The number of The number of
) The number of ) ) ) The number of ) ]
of SNPs in ) . identified inter- . replicated inter-
identified replicated
the o chromosomal o chromosomal
o combinations o combinations o
combination combinations combinations
1 12 - 11 -
2 26 12 18 5
3 25 9 19 3
4 8 1 7 0
5 7 0 7 0
6 6 0 6 0
7 4 0 4 0
8 2 0 2 0
total 90 22 74 8
Table 1

The number of combinations categorized by SNP counts

Replicated SNP combinations within the validation cohort
Associations between RA and 78 SNP combinations and 12 single SNPs were tested using a
discovery cohort of 810 patients with RA and 6303 controls. A total of 63 (80.8%) SNP

combinations and 11 (91.2%) single SNPs were replicated in this validation cohort (p_v <0.05).

26



A total of 43 distinct SNPs were detected in the replicated associations, including 35 SNPs
located in the HLA region (Supplementary Table 2, 4 and 5). The details of the replicated
associations and their SNPs are presented in Table 1. Among the 74 replicated associations,
eight SNP combinations were inter-chromosomal combinations (8/22), while the remaining 55
SNP combinations (55/56) and 11 single SNPs (11/12) were composed only of SNPs in the
HLA region. All combinations of five or more SNPs were intrachromosomal. The 90 significant
associations identified in the discovery cohort were positively correlated with the validation
cohort in both p-values (r = 0.43, p = 1.57 X 10, Fig. 2) and odds ratios (» = 0.38, p = 8.76x10"
8 Fig. 2), leading to the detection of confidently positive combinations of inter- and intra-
chromosomal. Stratifying the inter- and intra-chromosomal combinations, the positive
correlations in p-values and odds ratios were exhibited in the intra-chromosomal combinations
(p-values: r = 0.42, p = 4.64x1077, odds ratios: r = 0.62, p = 8.27x10"'%), while those of the
intra-chromosomal combinations did not show the significant correlations (p-values: » = 0.03,
p = 0.87, odds ratios: » = 0.25, p = 0.11).

All eight inter-chromosomal combinations replicated in the validation cohort had both or either
of the SNPs in the HLA region, rs7765379 and rs35265698. While non-HLA alleles in SNP
combinations did not show significant associations in single SNP only (Supplementary Table
5), seven out of the eight inter-chromosomal SNP combinations had larger odds ratios,
calculated by the combinations rather than by each single SNP (Supplementary Table 2,
Supplementary Table 5), indicating that effect alleles in non-HLA regions have specifically
high odds ratio in the combinatorial effect.

The SNPs in the non-HLA regions were located within eight genes: PGAMIP13, ORI0G7,
ARHGAP42, FAM176A4, FGFR3P2, NDRG2, TPPP2, and LYZLI. Comparison of the
replicated 43 SNPs with previous GWAS reports registered in the GWAS Catalog [24] revealed
that only rs7765379, located at the MTCO3P1 locus in the HLA region [31] was consistent

with the results of our study.
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of the validated signals between the discovery and validate cohorts. Each dot indicates one

combination. The red dashed line represents the threshold (0.05).

Combinatorial effects of replicated combinations

To estimate a more concrete effect size for replicated associations in the Japanese population,
we estimated the odds ratio by combining individuals in the discovery and validation cohorts
under the fixed-effect model. All inter-chromosomal combinations (n=8) had higher odds ratios
than the maximum odds ratio of the individual SNP in the combinations (Fig. 3, Supplementary
Table 5). In addition, these odds ratios were higher than the product of the odds ratios of the
SNP combinations in the HLA region and the SNP in the non-HLA region (Supplementary
Table 2), showing that this high odds ratio was yielded specifically in the SNP combination. In
contrast, 38 of the 66 SNP combinations, in which SNPs were located only in the HLA region,
had lower odds ratios than the maximum odds ratios of single SNP in the combinations (Fig.

3, Supplementary Table 5).
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Correlation with reported HLA amino acids

To elucidate the relationship between the replicated 35 SNPs in the HLA region and nine HLA
amino acids (HLA-DRB1-11-Val, HLA-DRB1-11-Pro, HLA-DRB1-11-Gly, HLA-DRBI1-11-
Ser, HLA-DRB1-71-Lys, HLA-DRB1-71-Ala, HLA-DRB1-74-Ala, HLA-B-9-Asp, and HLA-
DPB1-9-Phe) whose associations with RA were reported [ 10], we imputed HLA-B, -DRB1, and
-DPBI alleles in the validation cohort using DEEP*HLA. Two SNPs, rs35265698 and
1s7765379, which were components of all replicated inter-chromosomal combinations
exhibited strong correlations with known risk amino acid, HLA-DRB1-11-Val (r, = 0.9412 for
r$35265698 and 0.4742 for rs7765379, Supplementary Table 6), whose position corresponds
to 7th amino acid residue in the G-BETA domain of HLA-DRB1 [32]. In contrast, rs9271775
showed the lowest combined odds ratio (OR = 0.40 [0.33, 0.50], Supplementary Table 2), had
a strong correlation with HLA-DRB1-71-Ala (7, = 0.7196) reported as the protective amino
acid [10]. The strong correlations in both risk and protective HLA amino acids indicated the
high reproducibility of p-values and odds ratios in the intra-chromosomal combinations (Fig.

2).

Redefinition of genetic models for inter-chromosomal combinations

Finally, we evaluated the effects of non-HLA SNPs within the replicated eight inter-
chromosomal combinations by conditioning the effect of HLA-DRBI1-11-Val using two
additive models and four interactive models via logistic regression of the generalized linear
model. SNPs rs3758697 and rs3894197 were excluded from the analysis as their odds ratios in
the recessive model were lower than 1.0 in the discovery cohort (Supplementary Table 5).
Consequently, four SNPs exhibited lower AIC in either combinatorial model than in the model
using only the HLA-DRB1-11-Val effect (null model). However, among them, rs6994899 and
rs1939875 did not demonstrate significant effect sizes (p > 0.0167, Supplementary Table 7).

SNP rs2049620 exhibited an additive effect under the dominant model independent of HLA-
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DRBI1-11-Val (model 2, p = 0.00180, OR = 1.27 [1.09, 1.47]). In addition, rs9624 had a
significant effect for RA under the dominant model within HLA-DRB1-11-Val (model 6, p =
0.0109, OR = 1.75[1.14, 2.71]), suggesting an epistatic interaction between rs9624 and HLA-
DRB1-11-Val with RA risk. The odds ratio of RAs individuals carrying HLA-DRB1-11-Val
homozygote was 5.06 in the null hypothesis model. However, the odds ratio of those with the
1s9624 dominant genotype was estimated to be 6.58, whereas those without the rs9624

dominant allele, it was estimated at 3.76.

2.5. Discussion

LAMPLINK detects SNP combinations that are potentially difficult to detect using
conventional GWAS, owing to the explosion of considerable combinations. Therefore,
LAMPLINK is an effective method for identifying SNP combination associations in
oligogenic/polygenic diseases. In this study, we applied LAMPLINK to a Japanese cohort of
4,024 patients with RA and 7,731 controls (the discovery cohort) to detect novel SNP
combinations significantly associated with RA. LANPLINK identified 78 SNP combinations,
of which 12 single SNPs were significantly associated with RA (Table 1). Among the identified
associations, 63 (82.2%) SNP combinations and 11 (91.2%) single SNPs were replicated in the
other independent Japanese cohort of 810 RA patients and 6303 controls (the validation cohort).
In addition, the eight SNP combinations were inter-chromosomal and composed of SNPs
located in the HLA region, where specific amino acids in HLA-DRBI HLA-B and HLA-DPBI
have been reported as risk factors for RA [10], and the other regions of eight genes
(Supplementary Table 2). In particular, the inter-chromosomal combinations increased the odds
ratios compared to those independently calculated using a single SNP belonging to the
combinations in both the discovery and validation cohorts.

In the present study, SNPs rs35265698 and rs7765379, located in the HLA region and
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comprising all inter-chromosomal combinations, exhibited strong correlations with HLA-
DRB1-11-Val, indicating that these SNPs might be proxy effects of known risk factor [10]. The
redefinition of the genetic model for inter-chromosomal combinations concluded that
rs2049620 indicated an additive effect under the dominant model. However, this result raises
some concern because the additive effect should be derived from the conditional analysis in
the conventional GWAS approach. In contrast, rs9624 showed an association with RA under
the dominant model within HLA-DRBI1-11-Val homozygote, indicating that this effect is
considered an epistatic interaction and is difficult to identify through the conventional GWAS
approach owing to the low detection power in complex genetic models. The discovery of novel
epistatic interactions using LAMPLINK could improve polygenic risk scores for RA.

HLA-DRBI1-11-Val is mainly translated from HLA-DRB1*04 alleles; however, they exhibited
a large difference in odds ratios under the additive effect model, such as HLA-DRB1%*04.:01
(OR =4.44), *04:04, *04:05 or *04:08 (OR =4.22), *04:03 or *04:07 (OR = 1.65), and *04:02
(OR = 1.43) in a previous report [10]. The haplotype of amino acids positions 71 and 74 is
considered to contribute to these differences. In addition, transgenic mice expressing HLA-
DRBI*04:01 or *04.:04 have been reported to increase osteoclasts in primary bone marrow
cells, whereas those expressing HLA-DRBI1*04:02 or *(04:03 did not increase osteoclasts [33].
Moreover, alterations in bone marker levels have been observed in the donated blood of
individuals who developed RA after the donation, suggesting changes in osteoclast activity
before the onset of RA [34]. SNP 1s9624 is located in the intron or upstream region of NDRG2,
whose overexpression in monocytes suppresses osteoclast differentiation [35]. These evidence
indicate a strong association with RA resulting from the interaction between rs9624 mutation
and HLA-DRBI risk alleles of RA. However, it remains unclear why the results differed
between homozygous and heterozygous of HLA-DRB1-11-Val. In addition, while we analyzed
biallelic information (SNP or amino acid) in this study, the use of multiallelic in LAMPLINK

could elucidate the detailed mechanisms in high polymorphic regions.

32



We have shown that LAMPLINK has the potential to identify associations by SNP
combinations from genome-wide SNP array data. Although LAMPLINK can test the high-
order SNP combinations with high detection power by pruning the ineligible SNP combinations,
we had to set MAF thresholds and perform LAMPLINK under the recessive exclusive model
to reduce SNP combinations. All identified SNP combinations included SNPs in the HLA
region where many factors strongly associated with RA are known. In addition, SNPs in the
HLA region have high LD each other. Under these conditions, the efficiency of the pruning is
low because LAMPLINK endlessly yields high-order combinations among the SNPs in high
LD block that decreases the significance threshold by Bonferroni correction. It might be better
to prune combinations that include SNPs in high LD forcibly to test novel SNP combinations
in a high significant threshold. As another solution, an implementation of dummy variables
based on factors whose associations with the phenotype are known, as input of LAMPLINK
instead of SNPs piled up in the LD block increases detection power. Therefore, developing of
an effective LAMP algorithm could handle complex genetic models to detect novel epistatic

interactions.
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Connecting Text: Bridge Between Chapter 2 and Chapter 3

Chapter 2 focuses on the identification of missing factors related to epistatic interactions,
alongside the development of optimized models for each, to help address missing heritability.
Although these factors are detectable in genetic data, they were often overlooked by
conventional approaches. This highlights an underexplored level of resolution that may
contribute to the explanation of missing heritability. In Chapter 3, beyond the genetic data in
the human cells, the environmental information that may also contribute to addressing the
missing heritability was examined. Environmental factors encompass all external elements
surrounding an individual, many of which are not typically measured or incorporated into
conventional GWAS. This presents a challenge, as such unmeasured components may act as
missing factors contributing to missing heritability. In this context, next-generation sequencing
(NGS) data, such as WGS, yield vast numbers of reads derived from DNA present in the target
cells. Some studies have suggested that, because NGS captures DNA regardless of its origin, it
may also detect viral sequences from non-human genomes, which could represent
environmental contributors to missing heritability. By focusing on non-human genomic
elements captured within human WGS data, Chapter 3 aimed to detect and quantify

environmentally derived missing factors that are usually excluded from GWAS.

38



3. Geographic and genetic influences on the human blood DNA virome

Mio Shibata'?, Shuji Kawaguchi', Mathieu Bourgey’, Takahisa Kawaguchi', Yuichi Inadomi',
Emmanuel Gonzalez®, Robert Eveleigh3, Pascale Marquis3, Hans Grabe*, Karen Mather’, Helena
Schmidt®, Stephanie Debette’, Ryo Yamada', Yoichiro Kamatani', Fumihiko Matsuda', Guillaume

Bourque*?

1.Centre for Genomic Medicine, Kyoto University Graduate School of Medicine, Kyoto, Japan
2.Department of Human Genetics, McGill University, Montreal, Canada
3.Canadian Centre for Computational Genomics, McGill University, Montreal, Canada

4.Department of Psychiatry and Psychotherapy, University Medicine Greifswald, Greifswald,

Germany

5. Centre for Healthy Brain Ageing, Discipline of Psychiatry and Mental Health, School of

Clinical Medicine, University of New South Wales, Sydney, Australia
6.Institute of Molecular Biology and Biochemistry, Medical University of Graz, Graz, Austria

7.Bordeaux Population Health research center, University of Bordeaux, Inserm, UMR 1219,

Bordeaux, France

39



3.1. Abstract

Viruses present in human cells can impact health to varying degrees, depending on their
specific characteristics and their interactions with the host. Additionally, the presence and
abundance of these viruses may be shaped by environmental conditions and the host's genetic
makeup, though these relationships remain poorly understood. In this study, we developed a
pipeline to assess the presence and quantities of viruses from unmapped reads from whole
genome sequencing and applied it to 7,059 individuals obtained from several cohorts from
Europe, Australia, Canada and Japan. In total, we detected 52 distinct types of viruses in these
cohorts, including EBV/HHV-4, HHV-6B, HHV-7, and Anellovirus, which were found in over
1% of the individuals across all cohorts. Among these four viruses, we identified significant
differences in prevalence and abundance between geographically or genetically different
groups. Notably, the prevalence of Anellovirus in Japan (58.29%) was higher than in the other
regions (<33.63%, p<1.66x104?). GWAS signals in the MHC region prompted HLA typing and
amino acid—level association analysis, identifying three residues for Anellovirus, eight for
EBV/HHV-4, and four for HHV-7. These results shed light on some of the environmental and

genetic factors that contribute to the interactions between human cells and viruses.
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3.2. Introduction

Viruses present in the human body are known to influence disease, including cancers and
autoimmune diseases, some of them through latent infections that extend beyond the acute
infectious phase [1,2]. Several viruses, such as HIV and HTLV-1, also have the ability to
integrate into the human genome [3]. Latent infection and subsequent reactivation, are known
to be influenced by host genetic factors, such as human leukocyte antigen (HLA), and are
associated with disease development [4,5] as exemplified by Hodgkin lymphoma [6] and in
HTLV-1-associated myelopathy [7]. These associations may be influenced by geographic and

genetic backgrounds, yet this remains poorly understood.

Human herpesviruses and Anellovirus are considered to persist in blood cells as latent
infections [2]. Real-time PCR has been commonly utilized to measure viral load in cells [8];
however, this approach targets only a single species and has amplification bias due to high
polymorphism of viral sequences. In contrast, whole-genome sequencing (WGS) in human
cells has the potential to identify circulating DNA viruses together with chromosomally
integrated proviruses without predefined targets. Indeed, most viral sequences do not have
homology with human genome and consequently could appear as unmapped reads when WGS

data is mapped to the human genome reference [9].

Such an approach was applied to a cohort not selected for health status with WGS from 8,000
individuals in the United States, which detected viral reads from 94 distinct viral species [10].
The highest prevalence, measured as the proportion of individuals with at least one read from
a given viral species, was observed for human herpesvirus 7 (HHV-7) at 20.4% and significant
associations. This study also reports that depending on the virus, either prevalence, abundance
or both are associated with phenotypic traits such as sex, age, and population, with abundance
defined as the quantity of viral reads in an individual. An independent Chinese cohort of 10,585

individuals, reported a high prevalence of Anellovirus (76.7%), along with higher prevalence
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rates of HHV-7 and Epstein-Barr virus (EBV) in individuals aged < 40 years (24% and 22%,

respectively) than in individuals aged > 60 years (9% and 38%, respectively) [11].

Previous studies have shown that the number of detected viral reads associated with latent
infections was extremely low in most individuals [10.11]. Indeed, real-time PCR analysis
revealed 197 +433 standard deviation EBV genome copies per 1.0x10° PBMCs obtained from
15 people who were seropositive for EBV [12]. This finding indicates that the expectation of
read pairs in human (3.10Gbp) WGS with 30x coverage for EBV (1.73Kbp) is estimated to
only be ~1.7 pairs. Under such conditions, even if EBV is present in blood cells, its reads from
EBV may not be included in some individuals, resulting in false negatives. This indicates that
the number of detected viral reads will be proportional to the total read count of WGS.
Additionally, unmapped reads, often contain a large number of artificial reads, notably phage-
derived reads added to improve base quality [13] and synthetic sequence reads to trace cross-
contaminating samples within the sequencing run. Independent of technical issues, these cohort
studies [10,11] are restricted to a single-country study, limiting the ability to determine whether
viral quantities are influenced by population or geographic location. However, inter-cohort
comparisons are hindered by the protocol-related discrepancies, including variation in total

read counts and protocol-specific artificial reads, as previously described.

In addition to viruses that establish latent infections within the host, transient infections may
also influence the host as environmental factors. Among these, pandemics exert a rapid impact
on the host, and several reports have described changes in the latent infection status (viral load)
in SARS-CoV-2—-infected individuals. For example, the frequency of EBV reactivation is
higher in SARS-CoV-2 positive individuals compared to SARS-CoV-2 negative groups [14].
Conversely, studies on Anellovirus present inconsistent findings: some report increased viral
loads in critically ill COVID-19 patients [ 15], while others observe decreases among healthcare

workers [16]. Unlike previous events, the COVID-19 pandemic occurred after the advent of
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WGS, enabling direct comparisons of genomic data collected before and during its spread.

In the present study, we used WGS blood cells data from three independent cohorts with diverse
genetic background and conducted in different locations (Europe, Australia, Japan, and
Canada). This includes a case-control cohort from Canada put together during the COVID-19
pandemic, with known infection status. Our goal was to develop a robust viral read detection
pipeline and identify geographic, environmental and host genetic factors associated with latent

infections.

3.3. Results

Genetic and phenotypic diversity in the cohorts analyzed

In this study, we used WGS data from: 1) 2,560 individuals of the BRain Imaging, cognition,
Dementia and next-generation GEnomics (BRIDGET) cohort, collected in Germany, France,
Austria and Australia; 2) 3,066 individuals of the Biobanque québécoise de la COVID-19
(BQC19), a case-control cohort of SARS-CoV-2 infection collected in Quebec, Canada [17]
(729 negative and 2,337 positive for SARS-CoV-2) and; 3) 1,583 individuals of the Nagahama
Study conducted in Nagahama city in Japan [ 18] (Supplementary Table 1). The WGS datasets
were generated from blood samples and variants were called using GenPipes [19] and GATK
best-practices [20] for quality filtering (see Methods). Some of the parameters had to be
adjusted to take into account the variable sequencing coverage of the cohorts (Supplementary
Table 2, Supplementary Fig. 1a). Next, we assigned to each individual (Fig. 1a) to one of the
six populations as defined by Human Genome Diversity Project (HGDP) and 1000 Genomes
Project [21] using their joint-call data (Supplementary Fig. 1b). Individuals in BQC19 were
genetically diverse, whereas the majority of BRIDGET (95.1%=2,329/2,449) were assigned to

the European category (EUR), and all individuals of the Nagahama Study (100%=1,583/1,583)
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were assigned to the Eastern Asian category (EAS) (Supplementary Table 1). Sex was
determined based on genotype-derived binary sex categories, revealing that 64.0%, 49.5% and
77.4%, were female in BRIDGET, BQC19, and the Nagahama Study, showing a concordance
rate exceeding 99% with the reported sex (Supplementary Table 3). The age range was broad
in BQC19, from 0 to 103 years (mean 57.4 years, s.d.=20.0, Fig. 1b). In BRIDGET, age
exhibited a bimodal distribution between 20 to 30 years and 40 to 93 years (mean 60.5 years,
s.d.=22.5, Supplementary Table 1, subgroup distribution in each cohort shown in
Supplementary Fig. 1¢). In contrast, all individuals in the Nagahama Study were older than 30

years of age. (mean 58.0 years, s.d.=12.8).
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populations. b, Age distribution by sex in the three cohorts.
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Construction of the viral read detection pipeline

We developed a pipeline to detect viral reads from human WGS data while minimizing biases
and errors due to sequence protocols (Fig. 2a, Methods). In short, paired-end reads in WGS, in
which both forward and reverse template strands were unmapped to the human reference
genome, were classified as unmapped read pairs (Step 1). After filtering out low-quality base
reads and any spiked-in or tagmentation reads introduced during DNA preparation (Step 2), the
unmapped reads were then mapped to 10,532 viral genomes (Step 3). To evaluate viral
quantities, the prevalence was defined as the number of individuals with at least one viral read,
while abundance referred to the quantity of viral reads in an individual. Viruses in individuals
whose abundances were disproportionately high based on a generalized gamma distribution
were classified as outliers while the ones near one copy number were classified as likely
inherited chromosomal integrations (ici) (Step 4). An additional filtering step looking at the
uniformity of coverage across the full length of viruses was implemented to avoid spurious hits
(Step 5). Finally, to ensure unbiased comparisons between cohorts with varying levels of total
reads, the prevalence and abundance were adjusted (Step 6). These adjusted viral quantities
were subsequently used in association tests that accounted for geographic, phenotypic, and

genetic factors.
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comparisons. The adjusted viral quantities are used to compare groups across different
recruitment locations. Generated with BioRender.com. b, Distribution of unmapped read rates
per individual across three cohorts after filtering low-quality (Step 2-a), spiked-in (Step 2-b),
and tagmentation-derived reads (Step 2-c). Gray and red bars represent the mean and median
values, respectively. c, Classification results of HHV-6A- and HHV-6B-derived reads into virus
infection or inherited chromosomal integration. d, Distributions of viral reads per million total
reads for each individual before Step 4 (left) and after Step 5 (right). Gray and red bars represent
the mean and the median values, respectively. The individual marked with a red cross in the

left plot represents an outlier or a case of iciHHV-6 detected in Step 4.

Common detection of four viruses across all cohorts

We applied this pipeline to the three cohorts in our study and observed that the mean frequency
of raw unmapped read pairs was 1.16% (s.d.=0.41%) in BRIDGET,0.14% (s.d.=0.16%) in
BQC19, and 0.18% (s.d.=0.24%) in the Nagahama Study (Fig. 2b, Step 1). After filtering low-
quality reads and PhiX and Kapa tags (Step 2), these values were reduced to 0.28% (s.d.=
0.12%) in BRIDGET, 0.07% (5.d.=0.05%) in BQC19, and 0.04% (s.d.=0.02%) in the
Nagahama Study, depending on the DNA preparation protocol used by each cohort
(Supplementary Table 2). After annotating these unmapped reads to viral genomes (Step 3), we
found that the prevalences of any virus in each individual were 98.86% (2,421/2,449) in
BRIDGET, 59.43% (1,799/3,027) in BQC19, and 69.80% (1,105/1,583) in the Nagahama
Study, (Supplementary Table 4). Next, in Step 4, putative iciHHV-6A were found in nine
individuals from BRIDGET, eight from BQCI19, and six from Nagahama; iciHHV-6B was
predicted in seven, seven, and five individuals from the same cohorts, respectively, among
whom five individuals were solo-DR, defined as the remaining direct repeat (DR) region of

HHV-6 integrated in the human genome [22] (Fig. 2¢, Supplementary Fig. 2). Among them,
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one BQCI19 individual had both iciHHV-6A or iciHHV-6B. Additionally, one BRIDGET
individual showed outlier abundance for EBV/HHV-4 (abundance=15.53), and one BQC19

individual showed outlier abundance for HHV-7 (abundance=0.12).

After excluding viral reads from outliers, we further removed artificial reads when the coverage
of the viral genomes was not uniform (Step 5). As a result of this step, the prevalences were
reduced to 59.53% (1,458/2,449), 59.13% (1,790/3,027), and 68.295% (1,081/1,583), in
BRIDGET, BQC19 and Nagahama Study respectively. The large reduction in BRIDGET was
attributed to artificial reads mapped to HHV-5 and Autographa -californica
nucleopolyhedrovirus (Supplementary Fig. 3a, Supplementary Table 4). Regarding the average
viral per million total reads per individual excluding outliers, it decreased significantly from
0.0843 to 0.0108 in BRIDGET, whereas it remained nearly unchanged in BQC19 (from 0.2095
to 0.2095) and the Nagahama Study (from 0.0215 to 0.0201), respectively, Fig. 2d,
Supplementary Table 4). After all of these steps, viral reads corresponding to 52 species viruses
were detected, although most of these species exhibited low prevalence (Supplementary Table
5). Among them, the prevalence of EBV/HHV-4, HHV-6B, HHV-7 and Anellovirus, exceeded
1% in all three cohorts with no artificial reads included (Supplementary Fig. 3b, Supplementary

Table 6), and these four viruses were selected for further analyses.

Finally, we validated the quantification correction step (Step 6) using simulated data. The WGS
dataset in BRIDGET was first randomly split into two subsets (Set 1 and Set 2). For each WGS
data in subsets, half of the reads were randomly sampled (Set 1h and Set 2h). Viral quantities
were then calculated for both the full and half subsets, with and without adjustment
(Supplementary Fig. 4a). Fisher’s exact test showed that the prevalence of Anellovirus,
EBV/HHV-4, and HHV-7 was significantly higher in Set 1 than in Set 1h, and in Set 2 than in
Set 2h (Supplementary Fig. 4b and Supplementary Table 7). In contrast, Student's z-test

demonstrated statistically significant decreases in the abundance of EBV/HHV-4, HHV-6B and

49



HHV-7 (Supplementary Fig. 4c). After applying the adjustment, no differences were observed

in either prevalence or abundance, confirming the robustness of the approach.

Geographical diversity of viral prevalence and abundance

Next, we wanted to estimate the effects of age, sex and of the geographic location on the viral
quantities observed. For this comparison, individuals were categorized into one of four groups,
Australia (n=336), Europe (n=2,113), Canada (n=723) and Japan (n=1,583), based on recruited
location without stratifying by genetic data (Supplementary Table 1). To avoid the impact of
SARS-CoV-2 infection, the BQC19 cohort analysis was limited to SARS-CoV-2—negative
individuals (n=723). We first tested viral prevalence and abundance along with sex and age
within each of the four groups using a generalized linear regression model. As a result, the
prevalence of Anellovirus showed a significant association (p<0.01) with age in Europe
(p=1.48x102, effect size=1.03, 95%CI=[1.02, 1.03]), Canada (p=1.93x108, effect size=1.02,
95%CI=[1.01, 1.03]) and Japan (p=5.12x10"", effect size=1.04, 95%CI=[1.03, 1.05],
Supplementary Table 8). For sex, the prevalence of Anellovirus in females was significantly
lower than in males for all groups, with odds ratios (ORs) ranging from 0.41 in Australia to
0.55 in Canada. Strong positive correlations were also observed between abundance of
Anellovirus and age in Canada (r=0.286, p=2.72x10°) and Japan (r=0.205, p=2.49x10"17).
Conversely, HHV-7 in Europe exhibited the negative correlation (r=-0.185, p=2.23x107)

between the abundance and age (Supplementary Fig. 5).

Next, prevalence and abundance were compared across geographically distinct locations, while
age and sex were included as covariates. The prevalence of Anellovirus showed statistically
significant differences (p<8.33x107*) among all locations, increasing in the order of Australia

(18.55%, s.d.=1.10%), Europe (23.98%, s.d.=0.51%), Canada (33.64%, s.d.=0.80%), and
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Japan (58.28%, s.d.=0.25%) (Fig. 3a, Supplementary Table 9). For EBV/HHV-4, Japan
exhibited a higher prevalence (14.27%, s.d.=0.17%) than both Australia (11.38%, s.d.=1.05%)
and Europe (11.60%, s.d.=0.45%). Additionally, the prevalence of HHV-7 was lower in both
Canada (6.18%, s.d.=0.59%) and Japan (4.69%, s.d.=0.12%) compared to Europe (10.00%,
s5.d.=0.41%). Moreover, despite similar prevalence between Australia (5.91%, s.d.=0.88%) and
Canada, a statistically significant difference was observed. Regarding abundance, both Canada
and Japan showed significantly higher levels of Anellovirus compared to Europe (p=1.35x10"
4, effect size=1.33, 95%CI=[1.24, 1.43] for Canada, and p=5.42x10°, p=1.28, 95%CI=[1.23,

1.34] for Japan, Fig. 3b, Supplementary Table 9).
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with asterisks. Double asterisks indicate significantly lower (blue) or higher (red) prevalence
compared to all other groups. c, Differences in prevalence between SARS-CoV-2 infection
statuses in BQC19, stratified by populations. Statistically significant pairwise comparisons are

indicated by red asterisks on their right shoulder.

Divergent prevalence within and between populations

Next, we wanted to look at the genetic effects and we stratified samples based on genetic
background across the different recruited locations, focusing on EUR in Australia, Europe and
Canada and EAS in Japan and Canada. In this analysis, the prevalence of Anellovirus was
found to be significantly different for EUR individuals in Australia (18.45%, s.d.=1.10 %)
compared to Europe (24.03%, s.d.=0.53%, p=3.42x10°), as well as between Australia and
Canada (27.31 %, s.d.= 0.85%, p=2.83x107) (Table 1). Notably, for EAS, the rate in Canada
was shown to be significantly higher than in Japan (76.63%, s.d.=4.33% vs 58.28%,
5.d.=0.25%, p=9.01x10%). No significant differences were detected for the other viruses and

HHV-6B had to be excluded from this analysis because of its low prevalence.

Finally, to evaluate differences based on genetic background within the same location, we
examined viral prevalence between AFR (n=37), AMR (n=17), CSA (n=29), EAS (n=30) and
EUR (n=539) within Canada. The prevalence of Anellovirus in EUR (27.31%, s.d.= 0.85%)
was found to be significantly lower (p<3.33x107) than in other four groups (CSA:47.57%,
$.d.=3.72%, AMR:53.41%, s.d.=7.74%, AFR:64.22%, s.d.= 4.46% and EAS:76.63%,
s.d.=4.33%, Supplementary Table 10). The prevalence of EBV/HHV-4 did not show a
significant difference in any of the group comparisons. In the case of HHV-7 prevalence, viral
reads were detected only in individuals from AFR (20.01%, s.d.=4.29 %) and EUR (5.73%,

s.d.= 0.65%) under the adjusted data.

53



Changes in viral quantities following SARS-CoV-2 infection

Using BQC19 cohort, we compared the prevalence of three viruses (Anellovirus, EBV/HHV-
4 and HHV-7) based on the infection status of SARS-CoV-2 within the stratified populations.
We observed that SARS-CoV-2 infection was associated with a significant decreased of the
prevalence of Anellovirus in AMR (p=1.03x103, OR=0.15, 95%CI=[0.05, 0.47]), EAS
(p=1.30x10"3, OR=0.22, 95%CI=[0.08, 0.57]) and EUR (p=5.84x10, OR=0.60, 95%CI=[0.48,
0.77]) individuals. In contrast, it was associated with a significant increase in the prevalence of
EBV/HHV-4 in EUR (p=5.00x107, OR=1.79, 95%CI=[1.35, 2.42], Fig. 3¢ and Supplementary
Tables 11). An opposite trend in the OR between Anellovirus and EBV/HHV-4 was observed
in the other populations, although comparisons of them did not reach the significance level.
The comparison of the difference was difficult for HHV-7, which had a naturally low

prevalence in non-infected individuals.
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Table 1

Differences of prevalence depend on geographic differences in the same population.
30dds ratio of region 2 to region 1 are shown. ®Canada (BQC19 SARS-CoV-2 negative)

P values and odds ratios that show the significant differences (p < 1.25%102) are bolded.

Recruited location 1 Recruited location 2
. . Recruited ~ Recruited Adjusted Adjusted
Virus Population . , p value
location I~ location2  Total prevalence (%) Total prevalence (%)
(s.d) (s.d)

OR
[95%CI]*

Australia Europe 331 18.45 (1.10) 1,998 24.03 (0.53) 3.42x10°
EUR Australia Canada® 331 18.45 (1.10) 539 27.31 (0.85) 2.83x107

2.00 [1.48, 2.73]
2.12 [1.49, 3.05]

Anellovirus
Europe Canada® 1,998 24.03 (0.53) 539 27.31 (0.85) 0.844 1.02 [0.81, 1.28]
EAS Japan Canada® 1,583 58.28 (0.25) 30 76.63 (4.33) 9.01x10 3.24 [1.32,9.22]
Australia Europe 331 11.35 (1.06) 1,998 11.74 (0.46) 0.375 1.18 [0.82, 1.75]
EUR Australia Canada® 331 11.35 (1.06) 539 12.12 (0.74) 0.197 1.34[0.86, 2.10]
EBVHHV-4
Europe Canada® 1,998 11.74 (0.46) 539 12.12 (0.74) 0.835 1.03 [0.76, 1.38]
EAS Japan Canada® 1,583 14.27 (0.17) 30 13.96 (3.01) 0.452 0.64 [0.15, 1.88]
Australia Europe 331 6.00 (0.89) 1,998 9.56 (0.42) 0.867 0.96 [0.59, 1.62]
HHV.7 EUR Australia Canada® 331 6.00 (0.89) 539 5.73 (0.65) 0.012 0.39[0.18, 0.82]
Europe Canada® 1,998 9.56 (0.42) 539 5.73 (0.65) 0.048 0.69 [0.46, 1.00]
EAS Japan Canada® 1,583 4.69 (0.12) 30 1.41 (1.65) 0.062 NA
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Host genome variants associated with viral prevalence

We evaluated associations between host variants and prevalences of four viruses (Anellovirus,
EBV/HHV-4, HHV-6B, HHV-7) in three groups whose sample size was greater than 1,000:
EUR of BRIDGET (hereafter BRIDGET-EUR) and BQC19 SARS-CoV-2 positive (hereafter
BQC19-pos-EUR) and the Nagahama Study. This analysis was conducted within each cohort;
therefore, prevalence was not adjusted. The genome wide association study (GWAS) showed
statistically significant associations (p<5.00x10%) only in the major histocompatibility
complex (MHC) region (chr6:28,510,120-33,480,577) (Fig. 4a-c, Fig. 5a-c and Supplementary
Fig. 6a-c), including HLA genes associated in BRIDGET-EUR with HLA-DQAI for
Anellovirus, and HLA-DQAI and -DQBI for EBV/HHV-4; and in the Nagahama Study with
HLA-DQAI and -DQBI for Anellovirus (Fig. 4d-f, Fig. 5d-f, Supplementary Fig. 6d-f and
Supplementary Table 12). Subsequently, suggestive associations (p<5.00x107%) were identified
between HLA genes and Anellovirus (HLA-DQB1), EBV/HHV-4 (HLA-C and -B) and HHV-7
(HLA-B and -DQAI) in BRIDGET-EUR, HHV-7 (HLA-B) in BQCI19-pos-EUR, and
Anellovirus (HLA-B) and EBV/HHV-4 (HLA-C and -B) in the Nagahama Study. No significant
association was detected between HLA genes and HHV-6B in any cohorts (Supplementary

Table 12).
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Fig. 4 Genetic associations of Anellovirus with host factors

a-c, GWAS results for Anellovirus prevalence in BRIDGET-EUR (a), BQC19-pos-EUR (b)
and the Nagahama Study (c). d-f, Associations between prevalence of Anellovirus and variants
within the MHC region in BRIDGET-EUR (d), BQC19-pos-EUR (e), and the Nagahama Study
(f). The variant shown in each panel represents the most significant association with viral
prevalence. Positions are based on hg38. g, Frequencies (x-axis) of amino acid residues

significantly associated with Anellovirus prevalence.

Owing to the low estimation accuracy of genome-wide SNV genotypes for high polymorphic
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HLA genes, the associations were further tested in HLA alleles. As a result, Anellovirus,
EBV/HHV-4 and HHV-7 had significant risk (OR>1) associations (p<2.84x10%) with two and
five HLA alleles, respectively, while protective (OR<1) associations were observed in eight, 12
and four alleles (p<2.68x10%), respectively, in at least one cohort (Supplementary Tables 13).
For Anellovirus, the strongest associations were observed with DRBI*[3:02 in both
BRIDGET-EUR (p=1.69x107, OR=0.45, 95%CI=[0.31, 0.64]) and the Nagahama Study
(p=4.98x10"°, OR=0.48, 95%CI=[0.37, 0.61]), while no association was found in BQC19-pos-
EUR. Haplotype analysis showed the link (D’=0.97) between DRBI1*13:02-DQAI1*01:02-
DQB1*06:04 in the Nagahama Study, whereas even no DQA allele showed the association in
BRIDGET-EUR, the link (D’=0.98) between DRBI*13:02 and DQB1*06:04 were observed
(Supplementary Fig. 7 and Supplementary Table 13). EBV/HHV-4 had the strongest
associations with B*07:02, B*14:02 and DQAI1*03:01 in BRIDGET-EUR (p=5.03x10%,
OR=1.89, 95%CI=[1.50, 2.37]), BQC19-pos-EUR (p=1.55%107, OR=0.28, 95%CI=[0.15,
0.48]) and the Nagahama Study (p=1.50x108, OR=2.22, 95%CI=[1.68, 2.93]), respectively.
For these three alleles, haplotypes C*-07:02-B*07:02, C*08:02-B*14:02, and DRBI*04:03 or
DRBI1*04:06-DQAI1*03:01-DOBI1*03:02 were in high linkage disequilibrium (LD) for
BRIDGET-EUR (D’=0.94), BQC19-pos-EUR (D’=0.96) and the Nagahama Study (D’=0.96
for DRB1*04:03 and D’=0.97 for DRBI*04:06), respectively. Both BRIDGET-EUR and
BQC19-pos-EUR groups showed a significant association between B*08:0/ and the
prevalence of HHV-7. The strongest significant associations with HHV-7, DQAI1*02:01
(p=7.20x10°, OR=0.52, 95%CI=[0.39, 0.69]) and C*07:01 (p=5.20x10°, OR=1.81,
95%CI=[1.35, 2.41]), and DRBI1*08:03 (p=4.69%10>, OR=2.43, 95%CI=[1.56,3.69]) were
observed in BRIDGET-EUR, BQC19-pos-EUR and the Nagahama Study, respectively. The
haplotypes with these alleles were shown in DRBI*07:01-DQAI1*02:01-DQBI1%*02:02

(D’=0.98) in BRIDGET-EUR and C*07:01 and B*08:01 (D’=0.97) in BQC19-pos.
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Fig. 5 Genetic associations of EBV/HHV-4 with host factors

a-c, GWAS results for EBV/HHV-4 prevalence in BRIDGET-EUR (a), BQC19-pos-EUR (b)
and the Nagahama Study (c). d-f, Associations between prevalence of EBV/HHV-4 and
variants within the MHC region in BRIDGET-EUR (d), BQC19-pos-EUR (e), and the
Nagahama Study (f). The variant shown in each panel represents the most significant

association with viral prevalence. Positions are based on hg38. g, Frequencies (x-axis) of amino

acid residues significantly associated with EBV/HHV-4 prevalence.
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Viral prevalence—associated HLA amino acid residues

Next, the associations between virus prevalences and HLA amino acid residues corresponding
to the genotyped allele name were tested. First, virus prevalence and amino acid residues was
tested per aligned position of antigen presentation groove domains (G-DOMAINSs) [23]. The
association analysis revealed the significant (p<2.16x10*%) and strongest association between
the prevalence of Anellovirus and the 81st position in G-BETA domain of HLA-DQBI1
(hereafter DQB1-GB-81) in both BRIDGET-EUR (p=9.99x107) and the Nagahama Study
(p=2.92x10®%) groups (Supplementary Fig. 8). The subsequent analysis with conditioning
DQBI1-GB-81 identified a significant association at the 24th position in G-ALPHA domain of
HLA-DQA1 (DQA1-GA-24, p=3.30x107) and the 77th position in G-ALPHA1 domain of
HLA-C (C-GA1-7, p=2.15x10"*) only in BRIDGET-EUR. For the EBV/HHV-4 prevalence,
DQA1-GA-80 (p=1.12x107), C-GA2-24 (p=3.81x107), DPB1-GB-73 (p=6.08x10%), A-GA2-
72 (p=9.32x107) and DRBI1-GB-27 (p=1.38x10°) in BRIDGET-EUR had significant
associations with the virus in the sequence of identified positions. B-GA2-7 (p=1.14x107) and
DQAI1-GA-80 (p=1.17x107) were shown to be associated with the prevalence in BQC19-pos-
EUR by conditional analysis (Supplementary Fig. 9). In the Nagahama Study group, DRB1-
GB-45 (p=2.20x10") and DRB1-GB-81 (p=1.34x10°) were associated with the EBV/HHV-4
prevalence. Lastly, HHV-7 was associated with DRB1-GB-73 (p=4.17x107") followed by B-
GA2-23 (p=5.79x107) and B-GA1-74 (p=3.66x107) in BRIDGET-EUR, and B-GA1-9
(p=1.16x10"%) in BQC19-pos-EUR, while no amino acid position was associated with HHV-7

in the Nagahama Study (Supplementary Fig. 10).

The analysis of amino acid residues on the identified positions exhibited the strongest
significant association between Anellovirus and glycine at DQB1-GB-81 (DQB1-GB-81-G) in
BRIDGET-EUR (p=1.84x10"%, OR=0.40, 95%CI=[0.27, 0.58]) and the Nagahama Study

(p=7.83x10"°, OR=0.47, 95%CI=[0.36, 0.61]; Fig. 4g, Supplementary Table 14). With respect
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to EBV/HHV-4 prevalence, the strongest significant associations were identified in serin at
DQA1-GA-80 (DQA1-GA-80-S, p=5.25%x10", OR=0.57, 95%CI=[0.48, 0.69]; Fig. 5g), in
BRIDGET-EUR, tryptophan at B-GA2-7 (B-GB-7-W, p=2.69x10", OR=0.34, 95%CI=[0.20,
0.55]) in BQC19-pos-EUR, phenylalanine of DRB1-GB-45 (DRB1-GB-45-F, p=1.07x10°%,
OR=0.52, 95%CI=[0.41, 0.65]) in the Nagahama Study. In BQC19-pos-EUR with the
EBV/HHV-4, the condition analysis including amino acid residues of B-GA2-7 demonstrated
serine at DQA1-GA-80 (DQA1-GA-80-S, p=1.88x107, OR=0.63, 95%CI=[0.51, 0.78]),
which were shown as the strongest amino acids residues in BRIDGET-EUR. The strongest
significant association was observed between the prevalence of HHV-7 and DRB1-GB-73-V
(p=2.17x10°, OR=0.51, 95%CI=[0.38, 0.67]; Supplementary Fig. 6g) in BRIDGET-EUR, as

well as, B-GA1-9-D (p=1.63x10"°, OR=2.09, 95%CI=[1.49, 2.92]) in BQC19-pos-EUR.

Among amino acid positions whose associations with virus were not identified in conditional
analysis, DQAI1-GA-80 in BQCI19-pos-EUR, and C-GA2-24 and DPBI-GB-73 in the
Nagahama Study showed significant associations with the prevalence of EBV/HHV-4
(p<2.16x10*%, Supplementary Table 14). The positional arrangement of amino acids
corresponding to the haplotypes showed that the links were identified between C-GA2-24-N
and B-GA2-7-W (D’=0.96) in BQC19-pos-EUR, as well as DRB1-GB-45-F and DPB1-GB-

73-V (D’=0.52) in the Nagahama Study (Supplementary Fig. 11).

3.4. Discussion

We have established a framework for a DNA viral genome detection from WGS dataset. When
applied to three independent cohorts, the inclusion artificial reads showed cohort-specific
biases. As inferred from the previous PCR study [12], the WGS data contained only a small
number of viral read pairs in most individuals (Supplementary Table 6), highlighting the

importance of adjusting viral quantities prior to comparisons.
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We applied the framework to WGS data from 7,059 individuals recruited in Europe, Australia,
Canada and Japan to evaluate the contributions of geographic and host genetic background to
latent infections. For Anellovirus, while the prevalence of EAS was higher than in EUR
populations, differences were also observed within EUR (Australia vs Europe or Canada),
suggesting that latent infection of Anellovirus may be influenced by both geographical and host
genetical factors. A significant difference in the prevalence of EBV/HHV-4 was observed
between Europe and Japan, whereas no such difference was found between EUR and EAS
within Canada. Therefore, we could not conclude whether geographic or genetic factors
contributed to the infection. A previous study reported a higher prevalence of HHV-7 in Japan
than in European countries [24], however, it did not distinguish between genetic and
geographic contributions. Our study showed that the prevalence in Europe was higher than in
both Canada and Japan, while no significant difference was observed between EUR in Europe
and Canada, suggesting that geographic factors may have a stronger effect on the prevalence
of HHV-7. Different blood cell types were used across cohorts (Supplementary Table 2), as
germline WGS does not need consideration of the differences. It is necessary to experimentally

evaluate how variations in blood cell types affect viral quantities.

A previous qPCR study showed the decrease of serum viral load of Anellovirus by the onset of
COVID-19 [16]. In our study, this result is considered to reflect a decrease of abundance in
SARS-CoV-2 infected group leading to falling below the detection limit of viral reads, which
in turn resulted in a lower prevalence. A previous Japanese WGS study also showed the
correlation between high Anellovirus load (=high abundance) and COVID-19 [25]; however,
our study could not evaluate the result due to the low prevalence in EUR and low sample size
of EAS in BQC19 cohort. In contrast to Anellovirus, the prevalence of EBV was higher in
infected group in EUR, which seems to reflect that the abundance exceeded the detection limit

in some individuals. The higher frequency of EBV reactivation during acute COVID-19 [14]
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suggests we detected DNA viruses not in a latent state, but in a reactivated state. Further
investigation may involve comparing WGS data from individuals recruited before and after the

pandemic.

The presence of an association between Anellovirus and DQB1-GB-81-G in both BRIDGET-
EUR and the Nagahama Study suggests that the relationship outweighs the influence of
geographical and genetic backgrounds. The lack of the association in BQC19-pos-EUR may
be attributed by the association between COVID-19 infection and HLA alleles [26]. Conversely,
the reproducibility of four HLA alleles and DQA1-GA-80-S that showed associations with
EBV/HHV-4 in BRIDGET-EUR and BQC19-pos-EUR, but not in the Nagahama Study,
representing the EAS group, indicates a strong influence of genetic background. Among the
four alleles, a protective association between DQOBI*03:01 andantibodies against Epstein-Barr
nuclear antigen was reported in a French study [27]. Most individuals carrying the DQA1-GA-
80-S also carry the corresponding DQA1*05:05, which is in strong LD with DOB*03:01
(D’>0.91). Therefore, this amino acid may be identified as a confounding factor of DOB*03:01.
Unlike the two viruses, associations between HLA alleles and HHV-7 were not shared across
the three groups, except for B*08:01. Although the effect of SARS-CoV-2 infection should be
taken into account for BQC19-pos-EUR, this result may imply a geographical influence on the
association between HHV-7 and HLA. The underlying factors related to genetic and
geographical backgrounds may involve either host or viral factors, or both, as well as
differences in past environmental exposures. A careful elucidation of the causal mechanisms is

therefore warranted.

The viral genome reference based on representative sequences, used in the pipeline except for
Anellovirus, may reduce detection power; thus, the use of a redundant GenBank reference [28
could be considered, despite the increased computational cost. While WGS data may contain

novel DNA viruses that could be constructed by de novo assembly of unmapped reads, their
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low prevalence and read counts would require far more samples than were available in this
study. As an additional limitation, due to its limited dynamic range reaching the detection limit

makes it unlikely to be suitable for individual-level diagnostics.

The framework established in this study can be applied to WGS datasets from past and future
studies. Aggregating association findings derived from viral DNA detected in WGS may aid in

identifying novel factors in case-control studies, potentially reflecting host immune responses.

3.5. Methods

Whole genome sequencing (WGS) and mapping to the human genome reference

DNA samples from human blood were obtained from BRIDGET (bufty coat and whole blood)
and the Nagahama Study (bufty coat) before the end of 2019, and from BQC19 (whole blood)
from 2020 to 2022, with written informed consent provided by all participants. During DNA
preparation, PhiX (Illumina, PhiX Sequencing ControlV3) was spiked in BRIDGET samples,
and Kapa-tag (Kapa Biosystems) were added to BRIDGET samples and 1,250 BQC19 samples
(Supplementary Table 2). Sequencing was performed at an average coverage of 30x for
BRIDGET and BQC19 samples, whereas samples from the Nagahama Study were sequenced

at an average coverage of 15 (Supplementary Table 2).

The human genome assembly GRCh38 (GCA_000001405.15) and 10,532 viral genome
sequences from the NCBI Reference Sequence Database (RefSeq release 91) were used as
reference sequences for human and viral genomes, respectively. The homology between the
two references was evaluated using blastn with default parameters. A sequence was considered
homologous if the alignment satisfied either of the following criteria: (1) The aligned region
covered more than 70% of any viral reference sequence, or (2) The aligned region covered

more than 70% of any contig in the human genome assembly. Sequences fulfilling criterion (1)
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were classified as viral integrations incorporated into the human genome, whereas those

meeting criterion (2) were classified as decoy sequences.

The GenPipes DNAseq pipeline (version 3.1.2) [19] with bwa mem was employed to map the
sequenced reads. Mapping was performed against the human genome reference GRCh38.
Haplotypes were called using GATK (version 3.7) [20]. Paired-end reads were defined as
“unmapped read pairs” if both forward and reverse reads were not mapped to the human
genome reference. Next, paired-end reads mapped to decoy sequences were extracted and re-
mapped to the GRCh38 sequence, excluding the decoy sequences. Paired-end reads that
remained unmapped during this step were reclassified and included in the “unmapped read-

pairs” category.

Variants from BRIDGET and the Nagahama Study were aggregated using GenomicsDB Import
in GATK (version 4.2) from chromosomes 1 through 22, as well as the X and Y chromosomes.

Variants for BQC19 were extracted from a previously published study [29].

Quality Control of the variant calls

Quality control of the variant calls was performed using GATK (version 4.2) with parameters
following GATK best practice [20]. Initially, bi-allelic variants were extracted based on a
Phred-scaled quality score from the exact test of excess heterozygosity greater than 54.69 and
an inbreeding coefficient “inbreeding coeft” less than -0.8. Subsequently, model-based variant
recalibration was performed in the SNP mode. Finally, variants with a variant quality score log-

odds (VQSLOD) sensitivity below 99.7% were excluded.

To filter out false-positive calls due to extremely low or high depth, we compared the
genotyping results of WGS with those obtained using genome-wide SNP arrays. These

comparisons included 579 samples from BRIDGET, 2,233 samples from BQC19 (Affymetrix
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Axiom Precision Medicine research array, Affymetrix, USA), and 1,564 the Nagahama Study
samples (Illumina Asian Screening Array, [llumina, USA, Supplementary Table 15). For each
cohort, all individuals had a call rate > 0.9 and SNVs with a call rate > 0.95 were extracted.
Let [ and h be the thresholds for the total read depth (DP) calculated from the WGS mapping
results. We then computed the concordance rates c; of the genotypes (0/0, 0/1, 1/1, or ./.)
between WGS and arrays for all extracted SNVs and samples at each DP = d. The thresholds

[ and h were optimized as:

Z,flzargmax h—1,c; =099 forl <d<h.
Lh

Supplementary Fig. 12 illustrates the changes in concordance rates as a function of DP, as well
as the estimated [ and h. We assigned d{ and qij to represent the DP and the phred-scaled
probability of Genotype Quality (GQ) of the i-th variant in the j-th sample, respectively. In
this study, we assumed that the genotype of the i-th variant of the j-th sample was not called

(L)if d/ <A< d! or ¢/ <20.

SNV and Individual selection

From the variants and genotypes that passed quality control, SNVs on the host genome and
individuals were selected using Plink (version 1.9) [30], following these steps, whereby the
variants from BRIDGET and the Nagahama Study were individually allocated to distinct
datasets. First, variants in autosomal chromosomes were extracted, and the missing call rate for
each individual m denoted as r,,was calculated. The missing call rate of k-th variant (k =
1, ...,K) in all individuals in the dataset was denoted as v;. The probability density function
P of v was estimated using kernel density estimation (KDE) with Gaussian kernels,
implemented in the Python (version 3.10) module “statsmodels” (version 0.14.0) [31], based

on a random sample of 1,000,000 variants. The cumulative distribution function (CDF) of P,
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denoted as F,(x), was derived and variants with v, values greater than F,(0.95), were
excluded. Next, SNVs that passed the Hardy-Weinberg equilibrium (HWE) exact test (p<1.0
x10°). These steps were applied independently in each cohort, resulting in 73,345,839,
125,639,463 and 73,420,545 SNVs for the GWAS in BRIDGET, BQC19 and the Nagahama
Study cohorts, respectively. Related individual pairs with PI HAT > 0.9 were excluded, as well

as individuals without age information.

Populations assignment

Individuals in this study were assigned to one of six superpopulations (AFR: African, AMR:
admixed American, CSA: Central/South Asian, EAS: East Asian, EUR: European and MID:
Middle Eastern) as defined in the 1000 Genomes project and Human Genome Diversity Project
(HGDP) [21]. We obtained vcf files from the Genome Aggregation Database (gnomAD), which
included jointed calls based on 948 samples from the 1000 Genomes Project and 3,202 samples
from HGDP. From these datasets, we extracted 165,348 bi-allelic SNVs on autosomal
chromosomes that met the thresholds and the 3,407 unrelated samples defined in the study
[21].Quality checks of the remaining SNVs and individuals were performed using the same
procedure as in the SNV and individual selection step, with the exception of additional filtering
of SNVs annotated to high-LD SNV pairs (r> > 0.1) that were within 500Kbp of each other and
located in high-LD regions as defined in a previous study [32]. Additionally, SNVs with
missing call rates greater than 0 were extracted. These remaining SNVs and individuals were
subjected to the same procedure described above, with an additional filtration step for SNVs
located in the high-LD region. Finally, we selected SNVs that passed the HWE test (p<1.0 x10
%) in each cohort (BRIDGET, BQC19 and the Nagahama Study) and retained those present in
both the 1000 Genomes project and HGDP datasets, after applying the filtering steps described

above.
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PCA was conducted on the genotyped dataset of selected SNV's from the 1000 Genomes Project
and HGDP, as provided by gnomAD [21], and the resulting factor loadings were extracted.
SNV datasets of individuals from the three cohorts were then projected onto the top three PCs
using these loadings. For the projection, “not-called” genotypes were replaced with the mean
of called genotypes for the same SNV within each cohort. Individuals from the three cohorts
were assigned to one of six populations using the k-nearest neighbour (k-NN) algorithm based
on their scores in the PC space. The parameter k of k-NN, representing the number of nearest
items, was determined using samples with assigned population from either the 1000 Genomes
project or HGDP as the training dataset. For each value of k from 1 to 20, training samples
were assigned to population using k-NN with leave-one-out cross-validation based on the
Euclidian distance of the top three PCs. The F1 score for population assignment accuracy was
calculated for each of the six populations, and the minimum F1 score among them was selected.
The optimal k£ was chosen as the value that maximized the minimum F1 score. In this study,
k =5 was selected, and individuals from the three cohorts were assigned to populations based

on their five nearest neighbors among the training samples (Supplementary Fig. 13a).

To identify DNA sample contamination, we estimated the CHARR value [33] for all
individuals using the SNVs included in the PCA, with allele frequencies retrieved from
TogoVar [34]. Individuals with CHARR > 0.05 were excluded from the analysis as

contaminated samples.

Sex calling from WGS data

Sex calling was based on the average coverage and heterogeneity of autosomal and sex
chromosomes, as estimated by Somalier [35]. The average coverages of the sex chromosomes

were normalized by the average coverage of all autosomal chromosomes, defining norm-X and
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norm-Y values. Individuals with norm-Y > 0 were called male. Subsequently, individuals with
norm-X > (.75 were called females (Supplementary Fig. 13b). For the remaining 14 individuals
(three from BRIDGET, ten from BQC19 and, two from the Nagahama Study), who were
sequenced in different WGS run batches, the average coverages of 21q21.2 and, Yq11.223 were
calculated using GATK (version 4.2) DepthOfCoverage. The average coverage of Yq11.223
was normalized by that of 21q21.2, defining norm-Yb. 11 individuals with a norm-Yb > 0.01
individuals were called male, while the remaining three individuals were called female

(Supplementary Fig. 13c).

Detection of viral reads from unmapped reads

Unmapped read pairs extracted from the WGS data were trimmed using Trimmomatic (version
0.35) in paired-end mode with the parameters, “TruSeq2-PE. fa:2:30:15 TRAILING:30
MINLEN:50” [36]. Trimmed reads were subsequently aligned to the PhiX sequence
(NC _001422.1, 5,386 bp) using blastn (version 2.10.0+) [37] with options -qcov_hsp perc 100
-perc_identity 99, and any matching reads, along with their paired read, were excluded.
Similarly, reads derived from Kapa-tags (reference of Kapa-tag, 58-60 bp per a tag) were
excluded using blastn with adjusted options -qcov_hsp perc 100 -perc_identity 98 -word size
50. The remaining read pairs were annotated against 10,532 virus references from the NCBI
Reference Sequence Database (RefSeq release 91) by blastn with default parameter. For
Anellovirus reference, 4,746 redundant sequences were collected from the NCBI viral database
with the taxid as “687329” and “Nucleotide Completeness” as ‘complete’ (December 8,
2022)[38]. Phage sequences included in Refseq were identified based on the accession IDs
from hosts recognized as bacteria in the taxonomy table “taxid10239.nbr”” downloaded from

https://www.ncbi.nlm.nih.gov/genome/viruses/) on May 23, 2020 and through keyword search

in the Nucleotide database (https://www.ncbi.nlm.nih.gov/nuccore) for
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“phage”, "bacteriophage”, “virophage,” and “prophage” as of the release date of Refseq version

91.

Assume that the base positions from s to e, on the read k, are aligned to the v-th virus

(v €{1,..,V}). The index a is f and 7, representing the forward and reverse directions of

the read, respectively. Let L ; and Ly be the lengths of k; and k,, respectively.
Additionally, we denote by _,py_, ik, dk, and my as the bitscore, E-value, and counts of
insertions, deletions, and match nucleotides, respectively, from the blastn result between k,
and the v-th virus. A read pair kf and k, was assigned to the v-th virus if it satisfied the

following criteria.
L by, = bllc}; U b = b}c’; for v’ € {1,..,V}.

2.py, <1.0x1071° n pf < 1.0x 10710,

e .—Sk,t1 _ +1
ST 5090 TS 0.9,
kg Ly,

Aggregation of homological viruses

The viral sequences, to which unmapped read pairs were assigned in at least one individual,
were aligned using blastn. Let L,, and L, denote the sequence lengths of viruses v, and vy,
respectively. Additionally, i, dj; and m, ; represent the counts of insertions, deletions, and
match nucleotides, respectively, obtained from the blastn alignment with v, as the query and
v, as the subject. The sequence similarity between v, and v;, denote as 7, is then defined

as:

Mg,1 + mrk

).

Ly, +igi=dgr Ly tige—dik

l
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Viruses v, and v; were merged into a single homogenous virus if 73 ;> 0.9. The RefSeq IDs

of the viruses merged into each group are provided in Supplementary Table 5.

Calculation of viral quantities

For quantitative comparisons between geographical or genetic backgrounds, the prevalence of
each virus was calculated. Prevalence was defined as the proportion of individuals within a

cohort or population who had at least one read pair assigned to the virus.

Viral quantity in the blood cells of each individual was evaluated in terms of abundance. Let
nl, be the number of reads (twice the number of read pairs) assigned to viral genome v in the
WGS reads of individual i, and [, represent the genome size of v. Similarly, n}, corresponds
to the number of reads mapped to the human genome reference in the WGS reads of individual

i and [, refers to its diploid genome size (3,099,750,718%2). The abundance of virus v for

individual i , d!, is defined as follows:

ny

Iy
h
lp

ay, =

In addition, we evaluated the total viral quantity of an individual as the number of viral read

pairs assigned per million WGS read pairs.

Detection of inherited integration and outliers

Inherited chromosomal integration (ici) is defined as the insertion of partial or full viral
sequences into the human germline genome [39]. First, viruses observed in at least ten
individuals in each cohort were selected. We assumed that the abundance distribution for

integrated proviruses exhibits a distinct mode around 1.0, independent of the distribution for
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unintegrated viruses. Using the assigned viral reads, the probability density function of
abundances was estimated under the assumption of a bimodal distribution. This estimation was
performed using the locmodes function from the “multimode” package (version 1.5) [40] in R
(version 4.4.0). Let d(x) be the estimated probability density function of the bimodal
distribution with modes m;,i = 1,2, m; < m,. We then identified two positions q < q! that

satisfied the following criteria:
h(q{) = h(g]) = 0.95 x h(m;).

We concluded that a virus included individuals with ici if the distribution satisfied the following

criteria.
09< h;<11(i=1or2).
h; > 0.05 X hs_;.

Next, the detected ici cases were classified as either HHV-6A or HHV-6B. Unmapped reads
were mapped to HHV-6A and HHV-6B sequences for each individual using bwa mem with the
parameters -Y -K 100000000. Assign N, and Ny to the sets of read pairs mapped to HHV-6A
and HHV-6B, respectively. From the total set of mapped read pairs for each individual, denoted

as Ny = N, U Np, the proportions of HHV-6A and HHV-6B were calculated as:

_ INal  _ [Ng]|

T T
where the operator || - || means the number of elements in the set. We considered N =
@ if pg —pa > 0.5 and pp > 0.9, indicating that no reads derived from HHV-6B were
obtained for the individual. Similarly, Ny = @ if py, — pg > 0.5 and p, > 0.9. Otherwise,
both N, and Npwere retained and assigned to HHV-6A and HHV-6B, respectively. From the
sets Ny or Np the abundance of HHV-6A or HHV-6B was calculated, adjusting for viral

genome length by considering the number of positions where at least one read was mapped.
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Finally, an individual was considered to have iciHHV-6A or HHV-6B if the corresponding
abundance ranged from 0.3 to 1.5, consistent with solo-direct repeat (DR) HHV-6 integration

[22].

After excluding abundance values corresponding to iciHHV-6, outliers were identified based
on the distribution of abundances within each cohort and virus. In this study, we assumed that,
after excluding outliers, abundances followed a generalized gamma distribution [41]. Let A =
(ay, ..., an,) be the set of abundances, where ng is sample size of the cohort. Then, set A was
fitted to a generalized gamma distribution using scipy.stats.goodness_of fit function with
“SciPy” (version 1.11.2) [42] module in Python. Using the estimated distribution parameters,
right-tailed percentiles of the abundances were calculated, and abundances with percentiles
exceeding 1-0.05/ng were classified as outliers. These outliers were excluded from the

association of viral quantities and geographical location or with populations.

Exclusion of artificial viral reads

For each cohort and virus, we re-mapped the read pairs assigned to the virus from all
individuals in the cohort to the virus's reference genome using bwa mem with the options -Y -
K 100000000. For viral species represented by multiple reference genomes, the mapping was
conducted separately for each genome. In Anelloviruses, which include 2294 subtypes,
genomic positions were standardized based on open reading frame (ORF) region. ORF
coordinates for 2,144 annotated subtypes were retrieved using Biopython Entrez.efetch [43].
For the remaining 150 subtypes lacking annotated ORF information, genomic positions were
aligned using blastn against the best-matching viral sequence with known ORF
annotations. The ORF start and end nucleotides were defined as the 500th and 2500th positions

of each sequence, respectively, based on the derived alignment results. The mapped region of
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each read on a sequence was adjusted for offset and read length relative to the defined start and
end positions, and coverage at each sequence position was calculated accordingly, includeing
the upstream and downstream 500 bp regions from the ORF. The orientation of sequences
within the multi-FASTA file was detected using MAFFT (version 7.526) [44] with the --
adjustdirection option. If the strand orientation of a sequence was determined to be reversed,

the mapped read positions were flipped accordingly.

We then calculated the proportion of positions in the reference genome covered by at least one
read. If this rate was below 0.85, the distribution of coverage across the genome was tested to
identify and exclude potential artificial reads. Let ¢, p = 1, ..., L,, be the coverage at position
p, where L, is the genome size of virus v. Denote 1,k = 1, ...K,, as the reads assigned to

virus v. We calculated the distribution of coverage depth d?,i € N°defined as:

1,if Cg =1,
0, otherwise,

1 Ly . .

a’ = R—azp=11(c;; =i), I(cf =1i) = {
where R, isthe average length of the paired-end reads in K,,. We assumed that the distribution
D, = (dg,d7,...) followed a Poisson distribution, provided that no artificial reads were
included in the mapped reads. The distribution D,, was then evaluated using a generalized

goodness-of-fit test under the non-central chi-square distribution with non-centrality parameter

6 [45]. Assign el to the expected probability of coverage ¢ € {1,..., C}, where C =

max {{ =0,1,...|/d} > 0}, under a Poisson distribution with parameter A = % . The

statistic E was then calculated by:
. Z (d? _efeg)z.
csC ¢
The percentile of E under the non-central chi-square distribution with § = 1.5,and df =

C — 1, was then calculated using scipy.stats.ncx2. If the percentile exceeded 0.95, we
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concluded that D, did not follow a Poisson distribution. When the null hypothesis was

rejected, the position with the maximum coverage on the reference genome

pPm = argmaxcy,
P

was estimated. Paired-end reads, in which either or both reads mapped to points P,, defined
by Pp=1{p€{l,..,L,}| ¢/ >0forp <i<p,orp, <i<p}were removed as artificial
reads. After removal, ¢y and d; were calculated, and D,was re-tested. This testing and the
removal process was iterated until the test was accepted. For species represented by multiple
reference genomes, unfiltered reads from all genomes were combined and treated as a union
set, provided that at least one genome passed the exclusion filtering based on its individual

mapping result.

Unbiased comparison of viral prevalences and abundances

Let N be the total read count of the WGS and df > 0 and d}, be the true and observed
abundance of virus v, respectively. Suppose N; and N,, are the number of reads mapped to

the human and viral genome sequences, respectively, and L, and L, as the sizes of the human

NyLp

and virus genomes, respectively. Considering that N = Ny, N, « N,L,, < L, and d} = L

It follows that when dfL, is extremely low compared to al,, where a is the average

coverage of the human genome sequencing, dj = 0 in certain cases due to N,, = 0. Therefore,

the prevalence is underestimated in instances where d) = 0 N d;/ > 0. This also truncates the

Lp

left tail of the abundance distribution for d; < L

By definition, the frequency of dy =0 N

d? > 0 is inversely proportional to the total read count N.

In this study, we developed a correction method for prevalence and abundance based on random

sampling, to enable unbiased comparisons between individuals with widely varying total read
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counts. Assume that WGS was performed on M individuals and the total read count T,,, for
each individual was obtained from the sequencing results. The set of reads mapped to virus v,
denoted as R}, c T,, was also obtained for individual m =1, ..., M. For an individual m,
define random variable X that follows a normal distribution with mean u and variance o2,

where u and 0?2 are estimated from the total read counts of a control group. A realization x,,

is generated from X, and a sampling ratio a,, = min (:}—m, 1) is calculated, where N, is the
m

total number of reads in T, . Subsequently, a random variable U following a uniform

distribution on the support[0,1] is defined. For each element 1, ERy,i=1,..,n,, a

realization u;,,, ~ U is generated. The adjusted read count 71}, is then given by:
~v _ yMm v
iy, = Zi=11(ui’m < Q).
The adjusted abundance for the virus v in m-th individual is calculated from 7y, and a,,N,,.

To reduce random fluctuations, sampling from X and U is iterated 1,000 times for each virus
and individual (Supplementary Fig. 14). Let ci,lé,m, k=1,..,10000m=1,...,M be the
abundance of virus v in the k-th iteration for the m-th individual calculated from 7},. For

each iteration k, the abundances of the M individuals are sorted in descending order as:
ko, = Ao, = = dio,,
The adjusted abundances of the M individuals are obtained by:

— A

v _ ; v { —
d; = jrzlql?f%}aogo djp, i=1..,M.

In addition, the prevalence in the k-th iteration, p; is given by:
py =—2t, 1(dy,; > 0),k = 1,...,1000.

_ 1 21000 AV

and the adjusted prevalence is expressed as their mean p¥ = 500 2k=1 Pk-
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Downsampling simulation using cohort WGS data

We evaluated the correction method using BRIGDGET WGS dataset. The dataset was split
evenly into two subsets, Set 1 and Set 2. For each WGS in Set 1 and Set 2, half of the reads
were randomly extracted and designated as Set lh and Set 2h, respectively. For each set,
prevalence and abundance were calculated, with values for the half sets averaged over 1,000
iterations of read extraction using different random seeds. Next, the adjusted prevalence and
abundance were calculated for each set using X~ N(465658879.13,44673404.23), which
was estimated from the distribution of half the total read counts in the WGS dataset of
BRIDGET. Prevalences and abundance were calculated for Anellovirus, EBV/HHV-4, HHV-
6B and HHV-7, and comparisons were conducted between before and after the adjustment. Let
d, = {d},|d}; > 0,i=1,..,M} and d, = {d},|d}, >0,j =1,..,M,} be the vectors of
adjusted or unadjusted abundance values greater than zero for M; and M, individuals from
two different sets, respectively. These abundance values were transformed to a logarithmic
scale of 10 and then compared using Student's #-test between d; and d,. Next, let p{ and pJ
represent the adjusted or unadjusted prevalences for N; and N, individuals from the two sets,
respectively. The prevalence between the two sets was tested using the Fisher’s exact test based
on a 2x2 table with values of pyN;, N; — p{N;, P3N, and N, — p7N,. For both statistical

tests, Bonferroni corrected significance threshold of 0.025=0.05/2 was applied.

Association analysis of viral reads between geographical or phenotypic groups

EBV/HHV-4, HHV-6B, HHV-7 and Anellovirus, all of which had a prevalence greater than 1%
in all BRIDGET, BQC19 and the Nagahama Study were tested for associations with

geographical or phenotypic differences. In the correction of viral quantities for each cohort,
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N (361922901.62,35197511.96),which was estimated from the distribution of the total reads

in the Nagahama Study, was used.

The adjusted abundance d” defined in the previous section was assigned to each individual
using the following procedure. Let o ,, be the descending rank of ci,’;'m for individual m in
the k-th iteration. In cases where multiple individuals had tied abundances, the minimum rank
among them was assigned to all tied individuals. We then calculated the mean rank oy ,,, across

1,000 iterations as:
0% = TI% o,
Finally, the adjusted abundance for individual m was determined by:
dpp = dy,. T = Lils (0 2 07).

First, the association between prevalence and age or sex was tested within each group. We
assigned y € {0,1} to an incidence of an individual with positive abundance (y =1 for d¥, >
0) or zero abundance (y = 0 for d%, = 0) as the response variable. However, the incidence

y was exceptionally set to 0 in the following case.
y =0,ifr, > |p"M + 0.5],

where || means the floor function. Additionally, we defined x = (x;,x,) € {0,1} X
R*,where x; and x, denote sex (male=0, female=1) and age (years), respectively, as
explanatory variables. We assumed that the posterior probability of a positive abundance

givenx is calculated by:

exp(ag + a;x; + ayx,)

Py =1|x) = P(y =0|x) =1-P(y = 1|x),

1+ exp(ag + ax; + azx,)’

where (ag, aq,a,) € R® are parameters for the explanatory variables. The parameters
and a, were estimated using the maximum likelihood estimation (MLE) via the glm package

in R. To test the association with the prevalence of a given virus, a likelihood ratio test was
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applied under the null hypothesis, either a; = 0 for sex or @, = 0 for age. To evaluate the
association between abundance and age, the Spearman rank-order correlation coefficient and
the corresponding p value were used with scipy.stats.spearmanr. Considering both age and sex,
we modeled a random variable Z representing the abundance greater than zero and
transformed to a logarithmic scale of 10, followed by a Gaussian distribution with mean
(ap + a1x; + ayx,) and variance o2. Let z be a realization of Z; the parameters were

estimated using MLE under a generalized linear model defined as:
z= qp+ a1 x; + ayx;.

The abundance model was evaluated using the likelihood ratio test with @; = 0 or &, = 0 as

the null hypothesis.
Next, prevalence was compared between two groups. A variable x; € {0,1} was defined as
an indicator distinguishing the two groups, and the model was extended to:

exp(ag + a;x; + azx, + B x3)
1+ exp(ay+ a;x; + a,x, + B x

Py =1|x) = 3),,3€R,P(y=0|x)=1—P(y=1|x)-

The prevalence between the two groups was compared using a likelihood ratio test with ff =

0 as the null hypothesis.

For abundance, a Gaussian distribution with mean (ay, + a;x; + a,x, + yx3) and variance
02 was assumed for Z. The parameters were then estimated using MLE within the generalized

linear model of
z= ay+ a,x; + a,x, +yYx3,

where z is a realization of Z. Finally, the abundances between the two groups were tested

using a likelihood ratio test with y = 0 as the null hypothesis.

The significance level was set to 0.0125=0.05/4 for the tests of a; and a,, 8.33x10"

3=0.05/4C; for geographic differences, 0.0125 = 0.05/4 for geographic difference within the
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same population and 3.33x1073 = 0.05/6C> for the difference in infection status of SARS-CoV-

2, respectively.

Genome wide association study of viral quantities

In the GWAS, the SNV used for individual selection were further filtered to include only those
whose minor allele frequency is equal or greater than 0.01 in each set. Among individuals in
the sets, we estimated 15, 85 and 24 kinship pairs in EUR of BRIDGET, BQC19 SARS-CoV-
2 positive and the Nagahama Study, respectively, using the filtered SNVs and genome-wide
complex trait analysis, based on genetic relatedness coefficients greater than 0.2. Additionally,
PCA was performed using PLINK (version 1.9) in each set. In both the kinship and PCA
analyses, SN'Vs with high-LD (r> > 0.1) within 500Kbp of each other or located in high-LD

regions as defined in a previous study[32] were excluded.

The association between viral prevalence and the dosage of a given SNV allele was tested in

the GWAS. Let y; be the presence of viral reads for a given virus (0: absence, 1: presence) in
the WGS of individual i. Suppose that z,; € {0,1,2} is a allele dosage of k-th SNV for

individual i. We assume that the posterior probability of y given z; is expressed by

exp(a0+a1x1+ a2x2+a2tL+sz)

P(y = 1|zk, x1, %2, t) = a, = (a1, ap)s

1+exp(a0+a1x1+a2x2+a£tL+ sz) g

where x; and x, denote sex (male=0, female=1) and age, respectively. The vector tp
represents the factor scores of the top L principal components, where L was estimated for
each GWAS dataset using the elbow method, as implemented in kneed [46] with default
parameters. The parameters (@, @, @, @, 3) were estimated using a binomial logistic
regression. To eliminate kinship bias, if individuals in a kinship pair had the same y value,

the individual with the lower total read count was excluded from the regression analysis. Finally,
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the association between viral prevalence and the k-th SNV was evaluated using PLINK with
—logistic option, applying genome-wide significance and suggestive thresholds [47] of

5.00x10"% and 5.00x10°5, respectively.

Identified SNVs associated with viruses were annotated using TogoVar [34]. The locuszoomr
(version 0.3.6) [48] R package was used to visualize the LD between the top associated SNV

and neighboring variants.

HLA genotyping and association study

HLA alleles of eight classical genes (HLA-A, -B, -C, -DRB1, -DQAI, -DQBI, -DPAI, -DPBI)
and HLA-E were genotyped from WGS data using HLA-HD (version 1.3.0) [49]. Raw FASTQ
files were used for the genotyping in BRIDGET and the Nagahama Study, while read pairs in
which at least one read was mapped to the full-length sequences of HLA alleles recorded in
IPD-IMGT/HLA database (release 3.48.0) [50] using Bowtie2 (version 2.3.5) [51] with the --
very-fast parameter, were used for BQC19. The three-field HLA allele names genotyped by
HLA-HD were translated into two-field names. The association between viral prevalence and
HLA allele dosage was evaluated using a generalized linear model consistent with the model
applied in the GWAS. A total of 164 HLA alleles with allele frequency > 0.1 were tested, with
a Bonferroni-corrected significance threshold of 3.05x104=0.05/164. Haplotypes comprising
the nine HLA genes were estimated using PHASE[52] in each set, with alleles having a
frequency of less than 0.01 merged into a single cluster ("Others"). The relative LD coefficient
D’ was calculated between associated HLA alleles [53], and pairs with D’ > 0.5 were considered
to exhibit strong LD. The estimated haplotypes were visualized using ggsankey R package
(version 0.0.99999), retaining significantly associated HLA alleles and those with a population

frequency >7%, while grouping the rest as “Others.”
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Next, associations between viral prevalence and amino acid residues in MHC groove domains
(G-DOMAINSs) were tested. Initially, the association was tested at each amino acid position as

defined by the IMGT unique numbering [23]. Let the dosage vector of amino acid residues at
position j be denoted by z; = (zj,l, ...,Zj'mj) ",z;; € {0,1,2}, where m; is the number of

amino acid residues at j-th position with frequencies > 0.01, excluding the most frequent
amino acid residue in the control group. We assigned dosages of the amino acid residues from
Zj1 10 Zjm,, and estimated the corresponding parameters f# = (S, ..., ﬁm].)’ using binomial
logistic regression with replacing fz, inthe GWAS model to B'z;. For the estimated model,
the log likelihood ratio test was performed with the B = 0 as the null hypothesis, and then the
most significantly associated amino acid position was identified among the nine HLA genes.
This analysis was performed for 231 amino acid positions where m; = 1, applying the
significance threshold of 2.16x10=0.05/231. Subsequently, the binomial logistic regressions
and log likelihood ratio tests were applied with conditioning the most significantly associated
amino acid position. This step was continued until no further significant amino acid position
was obtained. Finally, amino acid residues on the identified significant positions were tested
using the Wald test, with the significance threshold set at 0.05/n, where n is the total number
of amino acid residues across all identified positions. The linkage between associated HLA

amino acids and those in neighboring HLA genes was evaluated using D’>0.5, calculated from

PHASE results.
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3.9. Supplementary Figures
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Supplementary Fig. 1 WGS results and demographics across diverse cohorts.
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a, Distribution of the mean coverage of the human genome across the three cohorts. b, Principal
Components Analysis (PCA) plots of the training data. The dots in the scatter plots of PC1-2,
PC1-3, and PC2-3 show the individuals in the training data, coloured by the six populations:
AFR (African), AMR (admixed American), CSA (Central/South Asian), EAS (East Asian),
EUR (European) and MID (Middle Eastern). c, Age distribution across subgroups of the three

cohorts. Each dot represents an individual coloured according to sex.
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Supplementary Fig. 2 Average coverage of iciHHV-6A/B viral reads

The coverage plot normalized by the mean coverage of human haploid genome are shown.
Each curve represents individual coverage. The line style illustrates the full and solo-DR

integrations, respectively. The top rectangle is coloured by the genes and repeat regions defined

in Genbank.
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Supplementary Fig. 3 Detected artificial reads and coverage depth of mapped reads

a, Coverage depth across all individuals in the cohort for viruses in which artificial reads were
detected. Percentages represent the proportion of artificial reads among all reads mapped to

each viral sequence. b, Coverage depth across all individuals for viruses in which reads were
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detected at a frequency of >1% individuals in all cohorts. Percentages indicate the proportion

of bases covered by at least one read, relative to the total length of each viral sequence.
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Supplementary Fig. 4 Evaluation of the correction method for viral quantification.

a, Workflow for simulation data generation using BRIDGET cohort and comparison of viral

quantities before and after correction. b, ¢ Comparisons of the prevalence and abundance of
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detected viral reads between full and half datasets for before (b) and after (c) correction. Error

bars indicate standard deviation. Statistically significant comparisons are marked with

asterisks.
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Supplementary Fig. 5 The correlation between age and abundance of detected viruses

The columns and rows are organized by virus and group, and the colour represents sex. The
black line represents the regression line estimated from the combined data of both females and

males.
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Supplementary Fig. 6 Genetic associations of HHV-7 with host factors

a-c, GWAS results for HHV-7 prevalence in BRIDGET-EUR (a), BQC19-pos-EUR (b) and the
Nagahama Study (c). d-f, Associations between prevalence of EBV/HHV-4 and variants within
the MHC region in BRIDGET-EUR (d), BQC19-pos-EUR (e), and the Nagahama Study (f).
The variant shown in each panel represents the most significant association with viral
prevalence. Positions are based on hg38. g, Frequencies (x-axis) of amino acid residues

significantly associated with HHV-7 prevalence.
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Supplementary Fig. 7 HLA haplotypes associated with viral prevalence

Linkage disequilibrium plot between HLA alleles (allele frequency > 0.07) for the individuals

in BRIDGET-EUR, BQC19-pos-EUR and the Nagahama Study. Alleles are colour-coded
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according to each virus, categorized by whether their odds ratio is >1 or <1. The strong linkage
disequilibrium (D’ > 0.5) within the risk or protective significant alleles in each virus is shown

as the flow between the alleles.
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Supplementary Fig. 8 Association analysis of amino acid residues with Anellovirus

prevalence

Association between each amino acid position and prevalence of Anellovirus in (a) BRIDGET-
EUR, (b) BQC19-pos-EUR and (c) the Nagahama Study. The red dot illustrates the most

significantly associated amino acid position.
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Supplementary Fig. 9 Association analysis of amino acid residues with EBV/HHV-4 prevalence
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Association between each amino acid position and prevalence of EBV/HHV-4 in (a)
BRIDGET-EUR, (b) BQC19-pos-EUR and (c) the Nagahama Study. The red dot illustrates the

most significantly associated amino acid position.
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Supplementary Fig. 10 Association analysis of amino acid residues with HHV-7 prevalence

Association between each amino acid position and prevalence of HHV-7 in (a) BRIDGET-
EUR, (b) BQC19-pos-EUR and (c) the Nagahama Study. The red dot illustrates the most

significantly associated amino acid position.
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Supplementary Fig. 11 Linkage patterns of amino acid residues associated with the prevalence
of EBV/HHV-4.

Strong links (D’>0.5) among significant risk or protective amino acid residues, identified with
or without conditional analysis, are visualized as flows highlighted between residues for each
virus. Asterisks indicate the amino acids that were identified as significantly associated through

conditional analysis.
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Supplementary Fig. 12 The changes in genotype concordance rate based on DP per genotype

in each cohort.

The blue line represents the genotype concordance rate at each DP for genotype. The horizontal
red line marks a genotype concordance rate of 0.99, while the vertical green dashed lines

indicate the thresholds defined in Supplementary Table 15.
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Supplementary Fig. 13 Parameters for population and sex inference

a, The change in the F1 score with respect to the parameter k. The lines are coloured according
to the six populations, and black represents the mean across all populations. The dashed vertical
blue line indicates k=5. b, The scatter plot of the normalized coverage of the sex chromosomes
(norm-X and norm-Y). Each dot represents an individual from the three cohorts. The x-axis
corresponds to norm-X, while the y-axis corresponds to norm-Y. Each dot represents an

individual coloured according to sex. c, The scatter plots of the normalized coverages of
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chromosome Y(norm-Yb) from the unclassified individuals in the three cohorts. The dashed

red line indicates 0.01.
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4. General discussion

4.1. Addressing the missing heritability

In this thesis, I claim that there are two important issues unresolved in the traditional
heritability: missing factors and the use of inappropriate models. Identifying missing factors
directly improves the heritability and model optimization enhances the accuracy of heritability
estimation by addressing not only missing but also overestimated factors. The human body is
maintained through biological reactions driven by vast and complex interactions, which may
underlie missing or misestimated heritability. To better understand these, Chapter 2 focused on
epistatic interaction, a type of non-additive genetic effect involving two or more genes, as
investigated in the rheumatoid arthritis study. Heritability also varies among populations due
to the influence of both environmental and genetic factors. Even with improved models that
account for population structure using SNP data, discrepancies in heritability estimates between
different populations still remain [86], suggesting the presence of unresolved genetic and
environmental factors. In contrast, environmental backgrounds vary widely and often reflect
regional differences, with geographic location approximating lifetime exposures. However, its
correlation with genetic background complicates efforts to disentangle its respective
contributions to heritability and identify which environmental factors influence it and how they
exert their effects. Chapter 3 examined quantification of DNA viruses in human blood cells—
biological measures influenced by both geographical and genetic backgrounds—as indicators
of individual health based on interactions between viral and host genetic factors.

The general discussion considers the challenge of missing heritability from two perspectives:
(1) which factors to target, and (2) how to incorporate them into models. Building on these, I
further discuss a study design for implementing these two issues and a comprehensive

evaluation of the resulting findings.
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4.2. Components overlooked by traditional heritability

Numerous genetic variants directly associated with diseases or health status have been
successfully identified through association analyses; however, identifying interactions, such as
epistatic interactions, remains a challenge. Some of the variants related to epistatic interactions
may have been identified independently by the analysis focusing only on a single interaction
based on the previous findings. However, they are often overlooked due to the low detection
power and excluded from heritability estimates if their joint probability is low. Chapter 2
demonstrated the detection of RA-associated SNP combinations that showed epistatic
interactions using LAMPLINK [38]. The replicated combinations in the validation cohort were
classified as either intra-chromosomal or inter-chromosomal, depending on whether the SNPs
were located on the same or different chromosomes, respectively. All intra-chromosomal
combinations consisted of SNPs within the HLA region, most of these SNPs showed genome-
wide significant associations (p<5x107%) with RA in the analysis of that SNP alone, indicating
the strong linkage disequilibrium of HLA haplotypes. For inter-chromosomal combinations, at
least one SNP was located in the HLA region, and notably, none of the non-HLA SNPs showed
genome-wide significant associations with RA in the analysis of that SNP alone. The
conditional analysis of inter-chromosomal SNP combinations poses a substantial challenge for
GWAS, highlighting the importance of the use of detection methods specific to epistatic
interactions.

Among individuals who share similar genetic backgrounds, environmental changes lead to
corresponding changes in biological responses, thereby influencing the heritability linked to
environmental factors. Among the environmental factors, viruses interact with host-derived
molecules through immune responses, and these interactions can influence health outcomes
[87]. The effects of interaction may therefore vary greatly depending on the specific genetic

combinations of both the virus and the host. In Chapter 3, we identified viral sequences from
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WGS reads that were considered to lack homology to human genetic sequences, thereby
enabling the differentiation between human and non-human sequences and facilitating the
assessment of environmental factors. We observed different patterns of virus—host associations
within the same population, potentially due to differences in geographic location, even when
targeting common viruses that were prevalent across all cohorts.

Although the detection results in the two studies represent an improvement over missing
heritability issues, there is still room for further enhancement. Each study highlighted different
considerations in detecting the missing factor. One factor was repeatedly detected during the
exploration process, raising the question of how strictly the candidate list should be filtered.
The other study limited the search to a narrower region of the viral genome by using a non-
redundant database, highlighting the question of how broadly the search range should be
expanded. This contrast raises the question of how to efficiently detect missing factors: in other
words, what should be omitted and what should be retained. In the case of RA in Chapter 2,
the association with the HLA region is already well-established [47.49.88]. Due to the high-LD
in this region, a significant association at any locus often leads to related HLA alleles appearing
repeatedly as candidate combinations during combinatorial exploration. Furthermore, SNPs in
the HLA region were annotated using biallelic markers (e.g., rsSNPs), which cannot fully
capture the complexity of HLA alleles, such as two-field resolution. Incorporating more
detailed HLA allele information into the input data—via whole-genome sequencing or
imputation-based approaches—would allow biologically plausible allele combinations to be
considered. This may reduce unnecessary detection redundancy and avoid overly conservative
statistical corrections, thereby enabling more accurate and interpretable associations.

On the other hand, the viral genome annotation database used in Chapter 3 was non-redundant
and may not have accounted for mutation sequences reflecting geographical differences among
viruses. Although each virus was analyzed as a single representative genome, a search of the

NCBI Virus Genome Database [89] (as of May 12, 2025) revealed that thousands of sequences
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have been registered for 12,566 for EBV/HHV-4, 610 for HHV-6B, and 266 for HHV-7. This
indicates substantial sequence variation (polymorphism) associated with each virus. Even if
the scope is expanded to include polymorphism, the computational cost is unlikely to be
significant, as the detected viral read counts were uniformly low across all individuals and

cohorts.

4.3. Modelling strategies for incorporating overlooked components

Modelling is used to capture underlying associations; however, incorrect assumptions about
the effect size estimated from associations between the phenotype and genetic model, or not
accounting for biases caused by technical issues and confounding factors, can further obscure
heritability. Regarding conditional analysis in GWAS using a linear regression model, it can
only estimate at most the total effect size as the product of the single effect sizes. However,
synergistic effects, shown as the epistatic interaction, are defined as interactions in which the
combined effect size exceeds the product of the individual component effect sizes, which
cannot be identified by standard linear regression. Consequently, model optimization is
required for epistatic interactions, as each allele may follow a distinct genetic model. This was
demonstrated in Chapter 2, where re-evaluating the interactions uncovered results that diverged
from those obtained under the recessive exclusive genetic model assumed by LAMPLINK [38].
One combination was optimized for epistatic interaction models, combining the recessive
model of valine at position 11 of HLA-DRBI (hereafter: HLA-DRB1-11-V) with the dominant
model of rs9624, located on chromosome 14 at 2,150,012, annotated to 7PPP2 and NDRG?2.
These findings suggest that predefined models may be useful for initial screening, but model
optimization should follow based on combinations that show significant associations. On the
other hand, Chapter 3 demonstrated that the heritability of quantifying DNA viruses was

influenced by detection limitation according to the total number of reads in WGS and
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confounders, including age, sex, and population. First, correction is needed for data with very
low read counts due to detection limits. This includes “sampling zeros,” where true values fall
below detection limits, and “structural zeros,” where the virus is truly absent. Under these
conditions, comparing the frequency of individuals with “non-zero” and “zero” viral reads, as
well as the viral quantities, can be informative. This approach, known as a two-part model, is
valid only when the data are unbiased and the sample size is sufficient [90]. The simulation
datasets of half of the individuals in a cohort with a twofold difference in sequence coverage
demonstrated that our correction effectively mitigated bias, enabling valid comparisons of viral
quantification. Second, identifying relevant covariates, such as age, sex, and population, is
essential before applying statistical tests, as it helps control confounding effects and ensures
valid inference. If the association analysis is conducted without accounting for these
confounders, false positives may be detected, which are not truly associated with the virus or
the disease. The results of our study indicated a higher frequency of Anellovirus in males. For
instance, if males are more frequently detected in cases than in controls, the detection of
Anellovirus could be higher, leading to a significant difference, even if it is not actually related
to the presence or absence of the disease of interest.

On the other hand, some aspects of the modelling remain unsatisfactory. The association
between HLA-DRB1-11-V and rs9624 in Chapter 2 appears plausible based on previous
findings. However, not all HLA alleles encoding HLA-DRBI1-11-V were shown to be
contributing. In Chapter 3, based on previous reports suggesting that viral infections have
shaped present-day population genetics by favouring genetic backgrounds better adapted to
specific regions [91], we categorized individuals according to established populations.
Nevertheless, some findings failed to replicate between Canada and Europe, even within the
same European (EUR) population group. This discrepancy may reflect differences between the
European populations that migrated to Canada, which are not fully represented in public

reference panels such as the 1000 Genomes Project and HGDP [71]. Furthermore, even within
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the same EUR population, sampling bias or unrecognized population substructure could have
influenced the results. This issue also applies when compared to the Japanese population. While
the Japanese cohort was geographically restricted to the small region of Nagahama City, the
Canadian EAS population likely includes individuals with diverse backgrounds distributed
across a broad area, making direct comparisons potentially inequivalent. To improve the
modelling of associations, one approach would be to define subpopulations in other cohorts by
matching the variance of individuals in PCA space that characterizes the genetic population

structure observed in the Nagahama Study.

4.4. Entangled effects of missing factors and modelling assumptions

The previous chapters have highlighted how missing factors and model optimization contribute
to the problem of missing heritability independently. However, as the set of factors under
investigation changes, the analytical model must be adapted accordingly. The repeated
emergence of specific factors may distort results due to their overrepresentation, and
confounders may contribute to false positives. To mitigate these risks, model optimization
requires efficient selection of relevant factors, either by referencing prior evidence or by
filtering the dataset during preprocessing to retain only essential information. When the set of
factors under investigation includes components that are highly interrelated—such as those in
strong LD—or that are already known to be associated with the trait of interest, their joint
probabilities tend to increase. This can result in a combinatorial expansion of plausible factor
sets, increasing computational cost. Improved algorithms and high-performance computing can
help; however, even if exhaustive testing of all possible combinations were feasible in principle,
that would not resolve the multiple-testing correction problem. Moreover, staged pruning
approaches (e.g., LAMPLINK) do not necessarily gain from parallelization and will need

further methodological work. Consequently, this necessitates the application of more stringent
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significance thresholds, which may, in turn, influence model specification and interpretation.
Potential confounding effects, such as between viral infection and host genetic factors, can be
evaluated using the own dataset. Based on these findings, such confounding should be
incorporated into comparative analyses. Assuming redundant associations are resolved, newly
emerging relevant factors necessitate an update to the model or analytical strategy. The
identification of factors and the modelling process are not independent tasks; rather, they

should be iteratively refined based on the outcomes derived from each other.

4.5. Design of the study incorporating the missing factors and models

In this section, I describe how to design studies that integrate two key aspects: identifying
missing factors and constructing models capable of incorporating them into association
analyses, along with strategies for their validation. As noted in the Introduction, overcoming
missing heritability is the central theme of this thesis, and the present results indicate the
existence of missing factors that should be detected, characterized, and integrated into
heritability models and validated in independent, well-phenotyped cohorts. Study design
should account for population structure to avoid bias, since findings may reflect either common
biological pathways shared across humans or variation due to population- or environment-
specific factors. Chapter 2 used two Japanese cohorts, in which subgroups may exist; Chapter
3 included participants from multiple populations. How finely samples should be stratified—
within or across populations—remains undecided. Although Chapter 2 did not address
environmental contributors in detail, shared exposures within a single population may
nonetheless have been missed. Moreover, because Chapter 3 considered only environmental
factors inferable from genetic data, additional environmental contributors to heritability may
remain unobserved. To identify such contributors and improve integrative models, it will be

valuable to analyze cohorts that capture a wide range of exposures; cohorts with limited
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regional variation or those that are population-based rather than disease-selected may be
particularly informative. Large resources such as the Nagahama Study and the UK Biobank are
especially well-suited for these purposes.

During this process, known associations at single genetic loci, such as those in the HLA region
or influenced by LD structure, can be incorporated into the input data prior to the main analysis.
For example, representative factors, for instance, a known HLA allele associated with a specific
trait, can be extracted, while other HLA alleles may be excluded from the input data to reduce
redundancy and enhance interpretability. A core strategy should involve an integrative and
iterative process, where the search for missing factors and the refinement of the model mutually
inform each other in a dynamic, data-driven manner.

In the validation step, alongside genetic background, environmental factors, such as viral
infections, are influenced by geographical variation and are further intertwined with host
immune responses. By comparing cohorts that share similar genetic backgrounds but differ in
geographic locations, we can assess whether differences in viral infection prevalence arise from
environmental factors, host genetics, or their interaction. In the context of HLA association
analysis for quantification of viruses, the failure of certain HLA alleles to replicate associations
within genetically similar populations suggests that immune responses, potentially shaped by
viral exposure, may have shifted due to historical human migration across regions. Conversely,
replicating associations with particular HLA alleles despite geographic differences in viral
prevalence suggests that these viruses’ distributions may reflect underlying host genetic
structures, including regional allele frequency patterns. These bidirectional relationships
between viral prevalence and host genetics underscore the importance of using cohorts
recruited from diverse geographical regions, as was previously discussed [92]. The availability
of comparisons across multiple geographic regions enabled the evaluation of such hypotheses.
Based on this refined set of candidate factors, follow-up wet-lab experiments could be

conducted to evaluate the associations. For instance, viruses potentially linked to specific HLA
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alleles could be quantified using PCR. These quantitative measurements would enable us to
assess whether the observed genetic associations are driven not only by the presence or absence
of viral DNA, but also by the levels at which these DNA viruses can be detected by the

measurement, such as qPCR.
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5. Conclusions and Future Directions

In this thesis, two studies were conducted to address the issue of missing heritability by
focusing on two key perspectives: missing factors and modelling. These issues arise when
relying solely on information obtained from WGS and genotype data. In Chapter 2, significant
variant combinations associated with RA were identified while avoiding a combinatorial
explosion. These combinations were subsequently validated in an independent cohort, and an
optimized model was established. These findings captured epistatic effects contributing to
heritability, specifically reflecting interactions between genetic variants that are typically
difficult to detect using conventional approaches. Chapter 3 extended the analysis to
environmental components of heritability, using viral read counts derived from WGS data to
identify contributions from viral prevalence and associated genetic factors. Moreover, the
observed interactions between environmental exposures and host genetic backgrounds
suggested an additional, previously underrepresented source of heritability. Together, these
findings highlight the value of considering both genetic interactions and gene—environment
interplay to explain heritability more comprehensively. Along with the findings of each study,
I discussed the importance of exhaustively pruning a wide range of factors in the context of
missing factors, as well as the potential for obtaining results through model re-evaluation in
the context of modelling. These efforts are not limited to discovering novel disease-associated
factors but may also enhance the predictive accuracy of genetic contributions. For example,
polygenic risk scores (PRS) often show reduced accuracy when applied across different
populations [93], partly due to differences in heritability. Previous studies have suggested that
focusing on traits with higher heritability estimates can improve PRS performance [94].
Therefore, refining heritability estimates has the potential to broadly benefit genetic association

studies.
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Notably, the analyses presented in this thesis were conducted using existing data from array-
based genotyping and standard WGS cohort studies, without requiring additional
measurements. This highlights the practicality and scalability of the proposed approaches.
However, it remains critical to ensure that the approach does not overfit and that the findings
reflect robust and generalizable biological insights rather than artifacts specific to the dataset
used in our studies. To establish broader relevance, missing factors and their modelling should
be validated across multiple independent studies. Given that many large-scale cohorts are
already available or ongoing, this presents a timely opportunity to incorporate epistatic
interactions and other overlooked components as covariates in association analyses. Such
integration may uncover novel risk factors without requiring additional data collection, thereby

enhancing the utility of existing resources.
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