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Chapter 1: Introduction

1.1 Biological signi cance of PIWI associated RNA

1.1.1 Threats to eukaryotic genomes

Preserving the transmission of genetic information to future generations is an essential
task for all living organisms. In animals, this process depends on producing viable offspring,
which requires actively safeguarding the genome from detrimental alterations. Numerous threats
jeopardize genome integrity, including chemical agents [2], radiation exposure [3], and biological
pathogens [4].

Among biological pathogens, viruses, particularly retroviruses, pose a threat to genome
integrity. Retroviruses possess the molecular tools needed to insert their DNA sequence into
host chromosomes [5]. Over the course of coevolution between hosts and viruses, some viruses
have integrated into germ cells, forming endogenous retroviruses (ERVs). These ERVs are
capable of transmitting their genetic sequences vertically to host offspring, propagating self-
replicating nucleotide sequences without the capsid proteins necessary to exit the host cell [6].
However, these sequences, referred to as transposable elements (TES) or transposons, can still
relocate within the host genome. TEs can be categorized into three classes on the basis of

their replication strategy [7]. DNA transposons employ a cut-and-paste approach, resulting in



continuous insertions at varying genomic locations. Long terminal repeats (LTRs) and non- LTR
transposons utilize an RNA intermediate, enabling them to increase their copy number in the
host genome. LTR transposons utilize reverse transcriptase to convert the RNA intermediate into
cDNA, which is then integrated into the host chromosome. In contrast, non-LTR transposons,
such as L1, employ target-primed reverse transcription and DNA repair mechanisms to disrupt
host DNA and repair it with an inserted copy of the transposon sequence [8]. The activity
of transposons has been observed in various types of cancers, underscoring the importance of

studying defense mechanisms against TEs [9].

1.1.2 PIWI-associated RNA molecules

Research has shown that mutations in PIWI family proteins can initiate the activation of
TEs [10]. These proteins are one of the Argonaute family subfamilies, and since Argonaute
proteins play a role in RNA-dependent gene regulation, it is reasonable to anticipate the association
of small guide RNA molecules with PIWI. These short noncoding RNA molecules were subsequently
discovered [11], facilitating a comprehensive understanding of the RNA interference pathway.

RNA interference can in uence both the translation and transcription of regulated genes
through two main complexes: the RNA-induced silencing complex (RISC) and the RNA-induced
transcriptional silencing (RITS) complex [12]. The principle of RNA sequence complementarity
between the guide RNA and its target is central to both mechanisms. In the RISC pathway, a
speci ¢ nuclease degrades the target RNA before translation, enabling real-time regulation of
gene expression. In contrast, the RITS pathway involves guide RNA identifying an actively

transcribed RNA target, binding to it via sequence complementarity, and subsequently activating



a methyltransferase. This activation facilitates the formation of heterochromatin, which acts as a
barrier to future transcription.

Unlike the miRNA and siRNA pathways, the piRNA pathway involves a diverse array of
proteins, each contributing to a speci ¢ response [13]. For example, in fruit ies, the piRNA
pathway involves three distinct proteins: Piwi, Aubergine, and Ago-3. Among these proteins,
Piwi is the most canonical and is expressed predominantly in germ and ovarian somatic sheet
(OSS) cells. Piwi utilizes piRNAs derived from genetically encoded precursors to suppress the
transcription of TEs via the RITS mechanism. A notable characteristic of piRNA molecules is
their length, which typically exceeds 21 nt, as observed in miRNAs. The size of Drosophila
melanogaster piRNA typically falls within the range of 25-27 nt [11]. The fundamental principle
underlying RNA interference is sequence complementarity, which explains why a substantial
portion of the piRNA population comprises transposon antisense sequences [14]. Furthermore,
the sequences of Piwi-associated RNA molecules exhibit a pronounced 1U bias at the 5'-end,
potentially in uenced by the processing preferences of the Zuc nuclease, which cleaves long
single-stranded piRNA precursors [15]. The other two proteins, Aubergine and Ago-3, are
exclusively expressed in germ cells and regulate translation via the RISC mechanism. Interestingly,
PiRNA precursors associated with Ago-3 are not limited solely to the y genome.

Gunawardane et al. [16] demonstrated that piRNA molecules associated with Ago-3 do not
exhibit antisense alignment to TE sequences; instead, they possess sense sequence identity. Motif
analysis revealed a 10A pattern in these piRNAs, contrasting with the previously recognized
1U bias. The nding that adenosine and uracil form a bond in double-stranded RNA indicates
the secondary nature of Ago-3-associated piRNAs. According to the postulated mechanism,

Aubergine targets TEs via the RISC mechanism after producing primary piRNAs from genomically
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encoded clusters. This action is pivotal in loading sliced TE fragments into Ago-3, which then
facilitates the creation of primary piRNA molecules, completing the cyclical process. This
mechanism, often referred to as the "ping-pong” mechanism, was further evaluated in an experimental
model proposed by Xiol et al. [17]. In silkworm germ cells, a unique cell line with the ping-pong
mechanism, a synthetic transcript containing sequences complementary to the 5' ends of the
most abundant primary piRNA molecules, was introduced. This transcript, concatenated with
sequences absent from the Bombyx mori genome, was then subjected to immunoprecipitation
with Ago-3 molecules, followed by sequencing of attached piRNAs. The introduced sequences
were identi ed, and precise cleavage occurred precisely at the 5' ends immediately before the
nucleotide complementary to the 10th position of the primary piRNA. The core philosophy
behind the ping-pong mechanism is adaptive responsiveness. The rst nucleotide of the primary
piRNA also corresponds to the tenth nucleotide of the secondary piRNA and A and T form a
base pair, resulting in a 10A bias in the secondary piRNAs. When a subset of primary piRNAs
effectively cleaves a target transcript, the ping-pong system ampli es the production of this subset
relative to other potential k-mer sequences in the cluster. A parallel mechanism in mice involves
the Mili protein, which associates with both primary and secondary piRNAs, and the Miwi2
protein, which is responsible for processing exclusively secondary piRNA molecules.

In the 2021 study by Genzor et al. [18], a remarkable difference exceeding three orders of
magnitude was observed in the copy number of a single piRNA sequence. This observation
prompts a compelling question: how is this notable bias in sequence distribution regulated?
Interestingly, both abundant and rare sequences can originate from the same genetic cluster,
contradicting the straightforward hypothesis that piRNA abundance solely depends on cluster

productivity. Lower-ranked clusters produce fewer abundant piRNAs than their higher-ranked
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counterparts do. However, the production of rare sequence piRNAs remains relatively consistent
across different clusters. This phenomenon may be partially attributed to the preferences inherent
in processing pathway sequences. While cluster rank currently provides the most insight into
piRNA sequence abundance, a comprehensive quantitative understanding of this relationship
remains unclear and is the focus of ongoing research.

Another intriguing aspect of the piIRNA system is its unique target selection rules, which
differ from the more mechanistic approach of the miRNA pathway, where target hybridization
occurs with the seed region — a 6-nucleotide sequence starting from the second base at the
5' end of the miRNA molecule [19]. In contrast, piRNA molecules can guide the associated
protein to its targets even without complementarity with the initial 2-7 nucleotides at the 5'
end. As detailed in the study by Gainetdinov et al. [20], mouse PIWI proteins, namely, MILI
and MIWI, exhibit a nonlinear binding af nity dependent on the starting coordinates of the
complementary sequence, with two distinct local minima observed with sharp rise of binding
af nity when the target sequence is complementary to nucleotide positions 6-14 of the piRNA
compared to positions 5-13 and 7-15. While the authors' proposed computational model sheds
offers some insight on this phenomenon, it does not fully explain the double energy valley effect.
Nonetheless, it is hypothesized that these exible targeting rules are essential for preventing
viruses and TEs from evading the piRNA defense mechanism by simply mutating a single base at
a crucial position. This complexity adds to challenge of comprehensively understanding the
piRNA pathway, especially considering the potential for off-target effects that could disrupt

essential host transcripts.



1.1.2.1 piRNA biogenesis pathway

In 2007 Brennecke et al [21] demonstrated that piRNA biogenesis begins with RNA polymerase
[l transcribing long, single-stranded noncoding RNA from a genomic region known as the "piRNA
cluster”. Although our current understanding of piRNA biogenesis remains incomplete, as previously
outlined [22], several key steps are known. For example, piRNA clusters are transcribed by RNA
pol Il. These transcripts are then exported from the nucleus and processed via an enzyme localized
at the mitochondrial membrane, known as "Zucchini” (Zuc), in fruit ies. Following this step,
the processed piRNAs are loaded into PIWI proteins.

However, numerous aspects of the piRNA pathway remain unclear. The academic community
has yet to determine how piRNA pathways select clusters, export RNA, and other details of
the processing steps, which are ongoing areas of investigation. Researchers often resort to
genetic modi cation of piRNA clusters to further study this pathway. Nonetheless, one persistent

challenge in this research lies in the unidenti ed genomic coordinates of many piRNA clusters.

1.2 Genres of piRNA clusters

1.2.1 PiRNA expression in D.Melanogaster

| start the study with analysis of piRNA biogenesis in fruit ies. In these ies, piRNA
pathway are active in both ovarian somatic cells and germ cells, with distinct mechanisms for
each cell type, requiring separate evaluations. One of the most obvious differences between
somatic and germ cell piRNA clusters is which strand of DNA generates the nal small RNA

molecules.



1.2.1.1 Somatic piRNA biogenesis

Previous studies have shown [23] that loci generating piRNAs in ovarian somatic cells tend
to express piRNA molecules from only one strand. TEs are located on the antisense strand and
are thus transcribed in reverse complement.

Somatic fruit y piRNA clusters use canonical promoters [24], and in most signi cant
cases, the TATA box is absent. Instead, their expression is regulated by the transcription factor Ci
[25]. This process involves RNA Pol Il and closely resembles protein-coding gene transcription.
The transcript is capped at the 5' end, polyadenylated, and then exported from the nucleus by

Nxf1l/Tap in conjunction with Nxt1/p15 [23].

1.2.1.2 Germ cell piRNA biogenesis

In fruit y germ cells, piRNA cluster transcription follows a different mechanism. Rhino, a
protein orthologous to heterochromatin protein 1 (HP1), binds to the H3K9me3 chromatin mark
[26]. Instead of promoting heterochromatin formation, Rhino forms a complex with two other
proteins, Deadlock and Cutoff, known as the Rhino-Deadlock-Cutoff (RDC) complex [27], which
in turn recruits the Moonshiner protein [28]. Moonshiner interacts with Transcription Factor Il
A-S (TFIIA-S), a transcription factor. Since H3K9me3 is not strand speci ¢, Rhino-dependent
clusters are double-stranded, i.e., have piRNA coverage mapping to both strands of the reference
DNA sequence.

Until recently, Rhino-associated transcription was considered sequence-independent, which
seemed inconsistent with the large genomic intervals covered by H3K9me3 marks. There are a

few possible explanations for this inconsistency. One explanation may involve the selection of



piRNA clusters via the use of maternal piRNA molecules to establish chromatin structure [29,
30]. Another possible explanation involves a Zinc- nger domain containing protein previously
annotated as CG2678 [31]. This gene, which is associated with Rhino, affects female fertility,
and its knockdown downregulates the piRNA productivity of double-strand clusters. Owing to the
visual resemblance of the nuclei of CG2678 knockdown cells to the Austrian pastry "kipferl”, the
protein was named after it. Currently, the exact targeting rules of Kipferl are unknown, although
its motif is suspected to be the guanine-rich sequence "GRGG”, where "R” is a purine (guanine
or adenine). Given the short length of this motif, which is expected to occur every 128 nt of a
random sequence, additional factors are likely involved.

In fruit ies, only ovarian germ cells express the Ago-3 protein, which plays a key role
in the "ping-pong” ampli cation loop. Therefore, this piRNA population is speci c to germ
cells. As "ping” and "pong” piRNA sequences may be based on the same transposon sequence,
their mapping coverage may create an illusion of a double-stranded piRNA cluster. In reality,

secondary or "pong” piRNAs can be derived from completely different genomic locations.

1.2.2 Mammalian piRNA biogenesis

In male mammalian germ cells, there are two main waves of piRNA production [32]. The
rst wave [33] occurs in spermatogonia and ends with the zygotene stage [34] of meiosis I. These
piRNAs are termed "prepachytene” piRNAs. The second wave starts with the pachytene stage of

meiotic prophase I. The stages are signi cantly distinct not only in terms of their timing but also

in terms of their piRNA source loci and proteins.



1.2.2.1 Mammalian prepachytene piRNA biogenesis

The rst wave of piRNA production occurs [35] shortly after the primordial germ cells
(PGCs) migrate from the extraembryonic ectoderm to the genital ridge [36]. At this stage,
the cells are still expanding and do not yet display sex-based differences organism [37]. In
mice, the PIWI proteins active during this development stage are MIWI2 (PIWIL4) and MILI
(PIWIL2). It has been shown that MILI uses genetically encoded piRNA clusters often located
in 3" untranslated regions (UTRs) of protein-coding genes [33]. These piRNA clusters may be
longer than the corresponding somatic cell transcript UTRS, thus requiring the use of previously
unknown alternative polyadenylation sites. This read-through polyadenylation site phenomenon
has been previously observed in the pathogenic expression of Long Interspersed Nuclear Element
1 (LINE-1) TEs in cancer cells [9].

Following transcription, these long RNA transcripts are exported from the nucleus
to intermitochondrial cement (IMC) granules and are further processed [38] by complex

interasomes, including MAEL [39], EXD1 [40] and PLD6 [41] into the short piRNA molecules.

1.2.2.2 Mammalian pachytene piRNA biogenesis

The second wave of piRNA production in mammalian testes appears in spermatocytes and
round spermatids [42]. These cells are committed to meiosis but no longer undergo exponential
growth. This pachytene piRNA pathway is based on two PIWI proteins: PIWIL1, also known as
MIWI in mice, and PIWIL2 (MILI). The current model suggests that PIWIL1 processes primary
piRNAs, whereas PIWIL2 is capable of binding to both primary and secondary piRNAs [32].

The main characteristics of pachytene piRNA clusters include dedicated piRNA cluster



genes [43], which are often driven by bidirectional promoters [44], and unique mapping
sequences of the resulting piRNAs [45]. After being transcribed by RNA polymerase I, piRNA
precursors are exported by means of the MAEL protein [46] and then processed into the small

RNAs by PLDG6.

1.3 Aspects of piRNA research

1.3.1 PiRNA source loci identi cation challenge

PiRNA molecules, which target transposons, typically exhibit an antisense orientation with
respect to their targets. This attribute makes identifying piRNAS' source regions considerably
more intricate than standard RNA-seq analysis. For example, let us consider a scenario where
an antisense piRNA molecule to a transposon is sequenced. When an aligner program is used,
numerous potential genomic positions corresponding to this sequence may be detected. However,
the challenge lies in identifying the one position that represents the source region.

Several contemporary aligner tools, such as "Spliced Transcripts Alignment to a
Reference” STAR [47], can either discard alignments that map to multiple locations or denote
the number of alignments per read, which is typically represented by the "NH” tag BAM les.
Historically, piRNA clusters were identi ed either by focusing on reads with low mapping counts
(NH = 1-5) [48], or by assigning equal importance to all alignments, a method used in [49].

Each of the methodologies mentioned above pose speci ¢ challenges. To understand this
more clearly, let us consider a model genome consisting of two chromosomes. On chromosome 1,
a TE is present, and on chromosome 2, the piRNA cluster is located. This situation is graphically

presented in Fig.1.1. When piRNA molecules are extracted and sequenced, most reads are
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expected to align with several positions in the genome owing to the considerable sequence
similarity between the TE and the piRNA cluster. The alignments derived from these reads are
referred to as multimapping and are represented in gray in Fig.1.1. Moreover, a subset of reads
uniquely aligns to a single location within the genome, resulting in uniqgue mapping alignments,
which are shown in black in Fig.1.1. These speci c reads are expected at the 5' and 3' ends of
the piRNA cluster, where the sequence derived from the transposon seamlessly integrates with

the remainder of chromosome 2.

Figure 1.1:lllustrative model of false positive and false negative piRNA cluster predictions.
Multimapping alignments shown in gray and unique mapping alignments shown in black.

Relying exclusively on unique mapping alignments poses a problem, as only a truncated
version of the piRNA cluster would be detected. Instead of capturing the entire cluster, only two
short segments are detected, each representing the terminal regions of the piRNA source.

In contrast, considering all available alignments for analysis introduces the risk of false
identi cation of the transposable element on chromosome 1, leading to inaccurate results.

The software package developed in this study aims to resolve this dilemma by identifying

full-length piRNA clusters while excluding the target regions.
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1.3.2 Current state of the eld

1.3.2.1 Unanswered questions

One of the most critical questions regarding the piRNA pathway is “How are the clusters
selected for processing?” This selection process is crucial for adapting the piRNA pathway to
a new, previously unknown TE. Given the periodicity of these processes, which aligns with
evolutionary timescales, observing adaptations in the piRNA system within a single human
lifetime is unlikely. Fortunately, koala gammaretrovirus (KoRV-A) spreads in the wild koala
population [50]. This virus integrates into both somatic and germ cells, enabling vertical
transmission, making KoRV-A a target for the piRNA pathway. Given the declining wild koala
population, the adaptation of the piRNA pathway to this novel threat should be observable.

Yu et al. [51] investigated the response of the koala piRNA system to KoRV-A. The authors
identi ed novel KoRV-A insertions and detected piRNAs produced from these insertions. Unlike
typical ERV piRNA clusters, KORV-A piRNA clusters are sense, rather than antisense, relative to
the viral coding sequence. This nding implies that germ cell antiviral defense detects KORV-A
transcripts and processes them into piRNA molecules. However, these sense piRNA molecules
cannot induce methylation of their source genomic region [35].

Yu et al. hypothesized that sense piRNA production allows the species to “buy time” to
generate a fully functional piRNA cluster against KoRV-A. Currently, there is no molecular-
level explanation of how this adaptation should occur. Presumably, analysis of piRNA cluster
features across various organisms would help elucidate the molecular mechanisms of piRNA

system adaptation.
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1.3.2.2 Clustering algorithms

In current piRNA research, several leading research groups have refrained from publishing
the source code of their piRNA clustering algorithms [52]. Moreover, other leading groups
persist in relying on outdated de nitions of piRNA clusters [31, 29]. This reliance persists
despite substantial advancements in sequencing technologies and the re nement of reference
genomes. The reluctance to update these methodologies potentially hampers the progress and
reproducibility of research in this eld.

Nevertheless, the piIRNA research community has access to an open-source clustering tool
known as proTRAC [49]. While proTRAC represents a valuable resource for researchers, it has
limitations. One major limitation of proTRAC is its insuf cient mechanisms for preventing false-
positive outcomes, an issue visualized in Fig.1.1. Subsequent versions of proTRAC introduced a
helper script name "reallocate” to address some of these issues. This script is designed to allocate
a portion of the weight of a multimapping read to each corresponding location in the reference
genome [53], offering a limited solution to challenges presented by short repeating insertions.

Another notable limitation of proTRAC is its inef ciency in handling indexed BAM les,
which are extensively utilized in contemporary bioinformatics. proTRAC users are required
to convert compact binary BAM les into larger text-based SAM les for operation. These
SAM les subsequently undergo further conversion into the ELANDS3 text format by proTRAC,
necessitating resorting to the initially sorted and indexed BAM le. This multistep procedure
ampli es the workload and increases the potential for data handling errors.

Moreover, proTRAC's output process is nonstandardized and lacks user-friendliness. The

output is typically displayed to the standard output (stdout) in formats, such as “Predicted
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Cluster: chr9 96178918-96184875 directionality: mono: plus”, without quantitative annotations.
This nonstandard format substantially complicates postprocessing, often necessitating the
development of custom scripts to transform the output into a more practical format, such as
a BED le. This additional step presents a substantial challenge for researchers with limited

computational backgrounds seeking to ef ciently analyze and interpret their data.

1.3.2.3 Available piRNA data analysis software

There are a few packages designed to analyze piRNAs without speci cally predicting
precursors: piPipes [54] developed by Dr. Han at ZamoreLab, piClusterBusteR [55] from UC
Riverside, piRNAPredictor [56] developed by Dr. Zhang from the Institute of Zoology Chinese
Academy of Sciences, piRNAQuest [57, 58] from the Bose Institute.

PiPipes [54] is a popular pipeline capable of processing small RNA-seq data starting from
a trimmed FASTQ le. It integrates multiple datasets including mRNA-seq, whole-genome
sequencing (WGS), chromatin immunoprecipitation sequencing (ChlP-seq), and degradome
sequencing. Such unprecedented variety of datasets allows complex analysis of biological
processes.

The main part of the pipeline is SRNA-seq data processing, which includes mapping to
mMiRNA hairpins and rRNA sequences to Iter out background noise, followed by mapping a user-
selected reference genome. Next, the prede ned clusters associated with the reference genome
are annotated, and a report is generated. Additional annotations may include mRNA expression
data, transposon insertion locations derived from WGS data, and ChlP-seq peaks. PiPipes keeps a

database of cluster coordinates, for example, D. melanogaster clusters were published in 2007 by
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Brennecke et al [21] using dm3 coordinates, which are converted to the dm6 reference genome.

PiClusterBusteR [55] is set of R scripts designed to simplify the life of a proTRAC user.

It process a FASTQ/FASTA/BAM/BED le and runs proTRAC on it. If the input is unmapped
data, pPiClusterBusteR rst calls SRNAmapper [59], which uses an unorthodox mapping strategy
with sSRNA sequence indexing to generate a proTRAC input. The output is then parsed and
annotated, including providing Basic Local Alignment Search Tool (BLAST) hits of the clusters.
Unfortunately, despite being written in R, piClusterBusteR does not provide R objects or
methods for integration with downstream R analysis. Unfortunately, the piClusterBusteR GitHub
repository was last updated 6 years ago.

PiRNAPredictor [56] is another approach for piRNA dataset analysis. This package
processes sequencing data without accounted for reference genome coordinates. The program
uses the Fisher discriminant [60] to identify linear regression coef cients maximizing difference
between piRNA and non piRNA sequences. In the original study [56] only tens of thousands
of reads per sample were used for the analyses, raising concerns regarding the in uence of
nonsequence-related factors such as the chromatin state.

PiRNAQuest [57, 58] is more of a web portal than a standalone program. The main purpose
of piIRNAQuest is accumulating, structuring, and distributing data related to piRNA pathway
operations. The website allows users to search for sequences that appear in piRNA libraries by
species, genomic coordinate, sequence, gene name, and repeat family. Additionally, the portal
provides prede ned cluster coordinate information and lists disease-related genes with piRNA
complementary sequences. Currently, the following species are supported: human, mouse,
rat, cow, chicken, zebra sh, C. elegans, D. melanogaster, pig, dog, rabbit, platypus, Xenopus
laevis, horse, crab-eating macaque, rhesus, marmoset, Xenopus tropicalis, Drosophila erecta,

15



Drosophila virilis, Drosophila yakuba, mosquito, silkworm, bat, tree shrew, sea hare, Chinese
hamster, and starlet sea anemone. Unfortunately, piRNAQuest does not support uploading user

sequencing data for processing.

1.4 Specic aims

Given the rapid evolution of the piRNA research eld and the increasing accessibility
of next-generation sequencing, there is an unprecedented demand for dependable and user-
friendly tools for piRNA analysis. Current methods frequently lack reproducibility, require user
computational pro ciency, and fail to facilitate the seamless transfer of results for subsequent

analysis. To overcome these problems, the following project goals should be pursued:

1. Development of a computational tool for identifying piRNA clusters, which are
genomic intervals that generate PIWI-interacting RNASs.
This tool will enable piRNA researchers with diverse backgrounds to analyze their
sequencing data through a standardized process and effortlessly export computational
results. To accomplish this goal, | plan to develop an R package, leveraging the versatile
R ecosystem and its numerous libraries for biologists and allowing individual steps to be
integrated into pipelines. The strategy involves treating unique mapping alignments and
multimapping alignments differently: unique mapping alignments will be utilized to detect
the presence of piRNA cluster transcription, while multimapping alignments will aid in
estimating piRNA cluster boundaries. Consequently, the objective is to develop a user-
friendly R library that can be installed on any computer capable of running R. | plan to

name the tool "piRNA Cluster Builder” or shortly "PICB”.
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2. Re nement of the PICB performance by utilizing the well-characterized Piwi piRNAs

from Drosophila ovarian somatic sheath cells.

As a cultured cell line, ovarian somatic sheath cells have minimal external in uence on
the piRNA population, making them an ideal benchmark for evaluating piRNA analysis
tools. | plan to utilize three biological replicates of ovarian somatic sheath cells with
immunoprecipitation (IP) extracted piRNA samples to conduct comprehensive "sanity
checks” via the software. By adjusting the default parameters, | aim to achieve consistent
clustering outcomes characterized by a pronounced skewness toward piRNA clusters

exhibiting veri ed phenotypes.

3. Identi cation, characterization, and comparison of piRNA clusters across diverse

organisms.

A systematic analysis of piRNA clusters across diverse organisms yields two notable
outcomes. First, it validates the software tailored for analyzing Drosophila piRNA datasets.
Second, this uni ed analysis enables the comparison of piRNA clusters across species.

| plan to acquire sequencing data from multiple organisms, including planarians, mice,
and hamsters. | subsequently process these samples to document clustering parameter
adjustments. Finally, | analyze presence of piRNA clusters in various species from the

evolutionary standpoint.
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Chapter 2: Methods

This chapter describes piRNA alignments clustering methods used in the study. The
sections include the general idea of the algorithm, speci c implementation as an R package,
and postprocessing steps. Parts of the chapter are covered in publication [61] for which | wrote
PICB core code, developed and implemented unambiguous multimapping reads attribution, ne
tuned and tested PICB parameters on y ovarian somatic sheath cell culture datasets, automated
the basic cluster generation and characterization pipelines. The described methods are used in

[62] in which | helped with cichlid shes piRNA cluster generation and basic characterization.

2.1 PIiRNA clustering

2.1.1 Three-layer approach

To address the issue of genomic sequence repeats depicted in Fig.1.1, | employed a method
that facilitates the extraction of more than just alignment coordinates from the data. This approach
leverages the fact that both text-encoded SAM les and binary-encoded BAM les contain
additional elds, such as ags, CIGAR strings, and tags [63].

The ag eld is particularly notable. It is a 12-bit binary eld that is typically expressed as

a number ranging from 0 to 4095 [64]. These 4096 distinct values can represent any conceivable
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combination of the subsequent Boolean variables, such as whether the read is paired, mapped in
a proper pair, unmapped, or on the reverse strand. Other variables include whether is mate is
mapped or on the reverse strand, if the read is the rst or second in the pair, if the alignment is
primary or supplementary, whether the read passes platform/vendor quality checks, and whether
the read is a polymerase chain reaction (PCR) or an optical duplicate. This comprehensive
representation may seem redundant in some cases, for example, if a read is not paired, it cannot
logically be mapped in a proper pair, such overlaps, from my perspective, highlight potential
design aws in the le format.

The Compact Idiosyncratic Gapped Alignment Report (CIGAR) [64] provides a brief
method used to depict the relationship between an alignment of a sequenced read and its
corresponding reference genome. At its most basic level, mapping is straightforward, wherein
each nucleotide from the read aligns directly with a nucleotide in the genome. For instance, a 30
nt read would be represented by a "30M” CIGAR string, signaling 30 conseddtatehes.

However, let us visualize a more complex scenario. Suppose that there is a deletion within
the read, which means that the 30 nt of the read should align with the 31 nt of the reference
genome. This situation would be denoted by a 15M1D15M CIGAR string, translating to 15
Matches, followed by Deletion, and then another set of M@atches. In similar fashion, the "I
signi es an "insertion” in the read when its length exceeds that of the reference genome region.
The letter "X” designates a mismatch, indicating instances where one or multiple nucleotides in
the read aren't aligned with the reference genome, yet both share an identical length.

Additionally, there are symbols like "S” and "H” that represent Soft clipping and Hard
clipping respectively. Clipping is invoked when extraneous nucleotides appear at the read's

ends. This often arises due to adapter sequences, which, don't suggest insertions due to

19



not being biologically relevant. With soft clipping, these read bases are retained in the bam
le, preserving the data for subsequent analyses. Conversely, hard clipping eliminates these
nucleotides, optimizing the bam le's size for ef ciency. For spliced reads, the "N” symbol gets
incorporated, following the intron's length. Noteworthy, CIGAR strings that don't feature the
"N” symbol are labeled as "simple”.

In my study, | chose to focus exclusively on "simple” CIGAR reads. This decision
stems from the constraints imposed by the GenomicRanges library employed in this study [65].
Incorporating spliced reads into the count could span entire introns, leading to the inadvertent
formation of false positive clusters.

The "tags” eld in a BAM le is speci cally designed to store data that follow a loose
standardization. Let us take a closer look at an illustrative example from vy libraries: "NH:i:55
HI:i:12 AS:i:24 nM:i:0 NM:i:0 MD:Z:25 jM:B:c,-1 jI:B:i,-1". Here, tags are distinguished from
one another via a tabulation symbol. Within each tag, there are three distinct sub elds, each
separated by a semicolon. The initial sub eld identi es the tag's name, the second sub eld
denotes the datatype, where 'i' represents an integer, 'Z' represents a string, and 'B' signi es an
array, and the third sub eld provides the actual value associated with the tag.

The intricate nature of this system allows for comprehensive categorization on the basis of
the combination of bits present in the ag and the value of the NH tag. Consequently, alignments

can be classi ed into three main categories:

* Unique Mapping Alignments: These alignments have an NH tag value of 1, and the 8th
bit (counting from 0) in the ag is set to down. The logic behind this categorization is

straightforward: the precise origin is known. Such clarity aids in con dently detecting
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piRNA production, although it does not grant the ability to ascertain the exact boundaries

of a piRNA-producing locus.

* Primary Multimapping Alignments: These alignments are characterized by an NH tag
value greater than 1, and the 8th bit set to down. "Primary” means they have the lowest
number of mismatches compared to the other alignments of the same read. If a read has
multiple alignments of identical best quality, the primary alignment is chosen randomly.
While the exact source of these alignments may remain elusive, their designation as

primary suggest greater degree of con dence.

» Secondary Multimapping Alignments: These alignments have an NH tag value exceeding
1, the 8th bit set to up, and they were not chosen to be primary alignments for their

corresponding reads. These alignments are appended for comprehensive analysis.

This hierarchical system, on the basis of the intricate details provided by the ag and tag elds,

ensures a more nuanced and precise approach to understanding piRNA genomic origins.

2.1.2 Mapping of small RNA sequencing data to the reference genome

The process of piRNA clustering begins with a FASTQ le, typically received from a
sequencing core or a collaborator. FASTQ is a text-based format for raw sequencing data
generated by a sequencing machine, typically including a unique read name (corresponding to a
speci c coordinate on a speci ¢ ow cell in a speci ¢ machine), a sequence read by the machine,
and a quality score representing the probability of error for a given nucleotide.

A typical mapping work ow for this study is shown in Fig.2.1. The process starts by
trimming the adapter sequences via Cutadapt [66]. If the sequencing data (library) contains
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Figure 2.1: Work ow for piRNA sequencing FASTQ le mapping.

unique molecular identi ers (UMIs), the next step consists of collapsing the library by sequence,
preserving only unique sequences while tracking the number of molecules with a given sequence.
Then, the UMIs are trimmed from the reads, thus removing PCR artifacts and retaining
information for optimizing wet bench protocols.

After UMI processing, the library typically needs to be Itered. The number and criteria
of the Iters depend on the speci c process; in this study, two Iters were applied: a structural
RNA Iter and a miRNA lter. In both cases, the reads were aligned against an arti cial "fake”
genome containing either ribosomal sequences or miRNA sequences, and the unmapped reads
were passed through the lters. These steps are especially signi cant when the total small RNA
sequencing library is processed instead of an immunoprecipitation library.

The nal step involves mapping the reads against the reference genome. In this study, |

used STAR alignment software [47] with the following parameters:

 "alignEndsType EndToEnd” — Ensures that that the entire read is mapped without soft

clipping

« "alignintronMax 1” - Limits the maximum intron length to 1 nt to effectively exclude

spliced reads

* "outFilterMismatchNmax 1” — Allows 1 mismatch per read
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* "outFilterMultimapNmax 100" — Discards reads with more than 100 possible locations in

the genome

The resulting BAM le is sorted and indexed via the standard "samtools” package [63] to
facilitate faster processing in the R environment and visualization through the Integrative

Genomics Viewer (IGV) genomic browser [67].

2.1.3 Alignment loading

The "PCIBload” function is used to load the alignment information from a user-provided
BAM le. This function requires at least two arguments: the path to the BAM le and the
reference genome information. The remaining arguments have prede ned default values. The
input BAM le must have an annotated NH tag and needs to be sorted by coordinate and indexed.
PICB supports three ways to provide reference genome information: utilizing the BSgenome
library [68], loading FASTA les via the PICBloadfasta function, and specifying chromosome
names and length information as a GenomelnfoDb::Seginfo object [69]. The optional parameters
can be omitted if the default values provide satisfactory results.

The work ow of the PICBIload function is presented in Fig.2.2. The algorithm starts by
reading the BAM le via the GenomicAlignments::readGAlignments [65] function and then
proceeds to Itering procedures. First, PICBload Iters alignments on the basis of the expected
mature piRNA length, with default values of 18-50 nt, which can be rede ned by setting the
READ.SIZE.RANGE parameter to an integer vector with minimum and maximum lengths. The
next lter is based on ags with the following default values: 0 — primary alignment on the plus

strand, 16 - primary alignment on the minus strand, 256 — secondary alignment on the minus
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Figure 2.2: Flowchart of the PICBload function.

strand, and 272 - secondary alignment on the plus strand. The default value can be rede ned by
setting the SELECT.FLAG parameter to an integer vector containing the desired ags. By default,
only reads with simple CIGAR attributes are loaded, thus spliced alignments are excluded. This
action can be rede ned by changing the value of the SIMPLE.CIGAR parameter.

The resulting alignment object is a list of 3 GRanges objects named “unique”,
"multi.primary”, "multi.secondary” corresponding to unique mapping reads alignments, primary

multimapping alignments, and secondary multimapping alignments, respectively.

2.1.4 Clustering

The transformation of the alignment object into clusters is performed via the PICBbuild
function, whose work ow is shown in Fig.2.3. This function requires at least two arguments:
alignment objects generated by PICBload and the reference genome information. First,
PICBbuild processes the unique mapping alignments to generate seeds indicating piRNA sources
with high con dence. This unique mapping process starts with the sliding window algorithm,
which divides the reference genome into intervals de ned by 2 parameter lengths of the
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Figure 2.3: Flowchart of PICBbuild function.

windows and steps between the starting positions of the windows. The length is de ned by
the UNIQUEMAPPERS.SLIDING.WINDOW.WIDTH window, which has a default value of
350. The step represented by the UNIQUEMAPPERS.SLIDING.WINDOW.STEP parameter,
which by default is computed as UNIQUEMAPPERS.SLIDING.WINDOW.WIDTH divided

by 10 and rounded to the nearest integer. Windows are generated for both strands. For
each window, the unique mapping alignments overlapping with the window are counted. If
both the number of unique mapping alignments and the number of different sequences of
unique mapping alignments are greater than or equal to their corresponding threshold values,
the window is called. The user can de ne the rst threshold by setting the value of the
MIN.UNIQUE.ALIGNMENTS.PER.WINDOW parameter, which by default corresponds to an
absolute value of 2 reads per kilobase per million mapped reads (RPKM), accounting for both
the depth of the library and the size of the sliding window. The unique sequences of the unique

mapping alignment threshold are de ned by the MIN.UNIQUE.SEQUENCES.PER.WINDOW
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parameter, with a default value of 1 unique sequence per 50 nt window length.

These parameters allow the identi cation of productive genomic intervals, excluding PCR
artifacts, since these artifacts typically replicate only 1 sequence. The called windows are
reduced into seeds, and the gaps between seeds may be removed if the gap length is less
than THRESHOLD.SEEDS.GAP (0 nt by default). This option may be helpful for low-quality
genomes, which otherwise would prevent seed generation since the N stretches are nonmappable.

The size Iter removes seeds shorter than the MIN.SEED.LENGTH parameter value, which
is2 UNIQUEMAPPERS.SLIDING.WINDOW.WIDTH*+ 100 nt= 800 nt by default. Thus, the
actual piRNA coverage is required to be at least 100 nt, accounting for windows of 350 nt on
both the 5" and 3' ends, thus making 350+350+100=800 nt long seeds. This lIter excludes short
but highly productive contaminating sequences such as miRNAs.

The seeds are automatically annotated via the PICBannotate function, which provides
essential characteristics such as the normalized numbers of unique mapping alignments, primary
mapping alignments, unique sequences and bases covered by unique mapping alignments. The
last Iter, which represents the number of seed bases covered by unique mapping alignments, is
de ned by the MIN.COVERED.SEED.LENGTH parameter. By default, this Iter is disabled by
setting it to O nt, but it can be used to eliminate the in uence of contaminating sequences such as
MIiRNAS.

Next, primary multimapping alignments are processed via a similar but
simplied algorithm, including sliding window generation, which is based on the
PRIMARY.MULTIMAPPERS.SLIDING.WINDOW.WIDTH parameter, which by default
is 350 nt, and the PRIMARY.MULTIMAPPERS.SLIDING.WINDOW.STEP parameter,

which is set to one-tenth of the PRIMARY.MULTIMAPPERS.SLIDING.WINDOW.WIDTH
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parameter, rounded to the nearest integer. Similar to seed generation, windows are called
based on coverage by primary multimapping alignments, with threshold values de ned by the
MIN.PRIMARY.MULTIMAPING.ALIGNMENTS.PER.WINDOW parameters. By default, this
threshold is set to 4 RPKMs, which is calculated based on the absolute number of alignments.
After the windows are called, they are reduced to the core precursors. Gaps between core
precursors are removed if the gap length is shorter than the threshold value de ned by the
THRESHOLD.CORES.GAP parameter, which defaults to 0 nt (disabled). The core precursors
that are not overlapping with a seed are ltered out because their transcription cannot be veri ed.
Finally, the cores are automatically annotated via PICBannotate.

The secondary alignments are processed into clusters in a similar
manner to how the primary multimapping alignments were processed into
cores. The sliding windows for secondary alignment are dened by the
values of the SECONDARY.MULTIMAPPERS.SLIDING.WINDOW.WIDTH

parameter, for a window length with a default value of 1000 nt, and

the SECONDARY.MULTIMAPPERS.SLIDING.WINDOW.STEP parameter,
which defaults to 100 nt. The coverage threshold is dened by the
MIN.SECONDARY.MULTIMAPING.ALIGNMENTS.PER.WINDOW parameter,

corresponding to 0.2 RPKM, which is calculated from the absolute number of alignments.
The clusters must overlap with at least one core.

Overlaps between seeds, cores, and clusters should be at least 5 nt, as de ned by the
MIN.OVERLAP parameter, to establish a logical chain linking unique mapping alignments to

secondary multimappers, thus minimizing false-positive clusters.
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2.1.5 Loci annotation

Every genomic interval in the output of the PICBbuild function, whether it is a seed, core, or
cluster, is annotated via the PICBannotate function, which is automatically called during cluster
building. This function takes an INPUT.GRANGES object and returns it with the additional
columns listed in "PICBannotate attributes” Supplementary Table. The other arguments used by

PICBannotate are as follows:

ALIGNMENTS — PICB alignments object. No default value, must be provided by the user.

» REFERENCE.GENOME — Reference genome data that can be speci ed as names from the
BSgenome package, GenomelnfoDb::Seqinfo object, or PICBloadfasta output. No default

value, must be provided by the user.

* REPLICATE.NAME — The name of the replicate, which is used to add suf xes to column
names in the case of multiple replicates used to annotate the same loci. By default, the

suf x is not added to the column names.

* LIBRARY.SIZE — The number of reads used for clustering. By default, it is computed as
the number of unique mappers plus the number of primary multimapping alignments in the

ALIGNMENTS object.

* PROVIDE.NON.NORMALIZED - This argument speci es whether to output absolute

values. The option is set to false by default.

28



2.1.6 Multiple sample processing

There are two reasons to analyze piRNA clusters from several different samples. The
rst reason is based on the cell-to-cell variability of piRNA populations [18]. Processing
several replicates may ensure the separation of biologically relevant clusters from noise. The
second reason is based on comparative piRNA transcriptome analysis, as changes in external or
evolutionary conditions can lead to the activation of distinct subsets of clusters.

To develop PICB, | implemented a function called PICBcombine. The main purpose
of this function is to identify and annotate reproducibility across multiple sample clusters.
Reproducibility is de ned as the strand-aware intersection of clusters from all the provided
samples. After the intersections are identi ed, they are automatically annotated with alignments
from all the samples.

PICBcombine output depends on the following parameters:
 rangesList — A list of several PICBbuild outputs used to compute the intersections.

 alignmentsList — A named list of PICBload outputs used to annotate the resulting

intersections, which names corresponding to replicate names.
* REFERENCE.GENOME - The reference genome for the organism.

* TYPE.OF.REGION — This parameter species the type of genomic ranges used for

intersection. By default, "clusters” are used.

The output value is the intersection of the input genomic ranges with annotation

column names containing sufces identifying the corresponding sample, for example,
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"unig_readsFPM.SampleFromCambridge” or "unigadsFPM.SampleFromPratyush” where

FPM stands for "Fragments Per Million of mapped reads”.

2.2 Data analysis methods

2.2.1 Unambiguous attribution of piRNA reads to a cluster

Cluster productivity is measured as the number or number of reads a cluster can explain.
The ambiguity of the multimapping read explanation was resolved by setting up a hierarchy of
clusters in which the more signi cant clusters had priority in the claims over the multimapping
reads. | refer to this process as force mapping. The force mapping algorithm is optimized for
multicore processors and highly uneven productivity of piRNA clusters.

The key element of the algorithm is the bin, which contains genomic intervals of one or
more clusters. The number of reads explained by a bin is calculated as the number of unique read
names from alignments overlapping with the bin. If 2 bins differ by only 1 additional cluster, the
number of reads explained by that cluster is the difference in the number of reads explained by
the bins. Parallel computing is employed as each bin can be processed independently. Since the
complexity of processing abin@(N M +M log(M)), where N is the number of clusters and M
is the number of alignments, steps to minimize M are taken. piRNA clusters have very different
levels of productivity by many orders of magnitude. Thus, it is reasonable to not retain reads that
have already been explained by more productive clusters when analyzing less productive clusters.
This approach per se breaks independence of parallel processing of bins.

To optimize the reduction of M with the advantages of parallel computing, a batch system

is used. A batch consists of several bins processed at the same time. After the batch is processed,
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the explained reads are removed from the pool of M alignments. The use of a variable batch
length has advantages over the use of a constant batch length.

The force mapping algorithm processes the rst batch of bins from the top clusters, with
the number of bins equal to the number of parallel processes. Despite the small number of bins, a
signi cant number of alignments are removed. For the next batch, N is multiplied by a prede ned
factor greater than 1, while M is reduced based on the number of reads explained in the previous
step.

The hierarchy of clusters used in this approach is based on the number of unique mapping
reads overlapping with a cluster.

Although this approach resolves ambiguity of the multimapping alignment attribution and
enhances processing speed, it tends to overestimate the number of reads produced by clusters

higher in the hierarchy.

2.2.2 Mappability analysis

PiRNA molecules often have multiple possible alignments in the reference genome due
to their sequence complementarity to TE insertions peppered across the chromosomes. Thus,
challenges may arise when mapping the library, as aligner software often limits the alignments
per read due to memory volume and CPU runtime limitations. Thus, it is important to estimate
whether piRNA reads can theoretically map to a given region. In this work, | used a procedure
to estimate the number of "twins” of a genomic region in the reference genome referred to as
mappability.

The procedure begins by generating sliding windows of prede ned length from a given
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genomic region with a 1 nt step. Reference sequences of the sliding windows are exported to
a FASTA le. The names of the FASTA records correspond to the genomic coordinates of the
sliding windows. The resulting FASTA le is aligned back to the same reference genome via
STAR, with a maximum of 10'000 alignments per read, suppressed splicing, and NH tag output.
Each record in the resulting BAM le contains two genomic coordinates: the k-mer source
coordinate encoded in the read name and the coordinate assigned by the alignment software. |
did not analyze the second coordinate. Only the source coordinate of the read name and the NH
tag corresponding to the mappability of the given k-mer were exported. For mappability analysis

of a genomic region of interest, NH tags from the 10’000 nearest k-mers were averaged.
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Chapter 3: Results

In this chapter | present analyses of piRNA populations in diverse organisms. The
rst section describes piRNA in invertebrates including germ, somatic and stem cell specic
implementations of the pathway. The second section includes study of mammalian male piRNA

in mice and hamsters. The chapter results are covered in [61].

3.1 Study of piRNA populations in invertebrates

3.1.1 Analysis of the piRNA population in D.melanogaster ovarian somatic
sheath cells

To evaluate PICB and establish a set of default values, three D. melanogaster ovarian
somatic (OSS) sheath cell libraries were examined. OSSs were selected for several reasons.
First, OSSs are a type of cell culture that enables the generation of reproducible RNA libraries
that are unaffected by preparation artifacts. Second, these cells possess only an RITS mechanism
with a single PIWI protein (Piwi), and D. melanogaster serves as a model organism with a well-
established reference genome.

The input data consisted of RNA sequencing data in FASTQ format from three biological

replicates. After adapter trimming, read collapsing by UMI sequences, Itering out reads from
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structural RNA, and aligning to the dm6 reference genome, the mean number of aligned reads was
32.3 M, with a standard deviation of 2.6 M. Moreover, the mean number of alignments across
the three replicates was 468 M, with a standard deviation of 38.6 M, indicating a substantial
proportion of secondary multimapping alignments.

The primary inquiries in this section are as follows:
1. Does the output from PICB align with the current understanding of OSS piRNA clusters?

2. Which characteristics and attributes of OSS piRNA clusters are particularly noteworthy

from a biological perspective?

3. How different are D.melanogaster ovarian piRNA clusters and S.mediterranea somatic

PiRNA clusters from OSS clusters?

3.1.1.1 Reproducibility

To evaluate reproducibility, | compared the seeds, cores, and clusters from three biological
replicates on the basis of the number of loci, the total length, and the fraction of the library they
can account for. If the approach yields reproducible clusters, we anticipate minimal variation
across replicates. The ndings, depicted in Fig.3.1, revealed low variation across replicates at all
three layers. Notably, the number of clusters is lower than the number of cores, and the number
of cores is lower than the number of seeds, passing the "sanity check”. In each instance, the
total length of the loci was less than 10% of the reference dm6 genome length. Furthermore,
the number of explained reads for the clusters ranged from 90% to 95%, indicating a high

concentration of clustered reads rather than a random uniform distribution across the genome.
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Figure 3.1:piRNA seeds, cores, and clusters from three biological replicates of OSS cells.
From left to right: number of loci, total length of the loci normalized to the D. melanogaster dm6
genome space, and fraction of the library explained by the loci. Each bar plot contains an error
bar indicating the standard deviation across replicates.

Given the consistency of the generated loci across replicates, the next pertinent question
was whether the precise locations of the clusters were reproducible across replicates. To answer
this question, two analyses were performed. First, the intersection of all possible combinations of
the replicate set (yielding seven possible combinations) was obtained, and the intersection length
was tallied. The results are depicted in Fig.3.2. Notably, 77% of the cluster genomic space was

reproducible across all three replicates. To assess reproducibility, the p-value was computed by

Figure 3.2: Venn diagram illustrating the OSS piRNA cluster genomic space across the replicates.

bootstrapping common genomic intervals generated from randomly distributed clusters. Real
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clusters from the three OSS replicates were randomly dispersed across the dm6 genome space in
each iteration. Common intervals of randomly distributed clusters were identi ed alongside the
reduced (total) intervals from the same clusters. The ratio of the summed lengths of the common
intervals to the summed lengths of the reduced intervals was compared to the observed 77% in
Fig.3.2. Following 10000 iterations, not a single random distribution achieved 77%, with the
maximum value reaching 0.37%. Thus, the p-value of replicate overlapping was equal or less
than10 4.

On the basis of the con rmed overlap across replicates, an analysis was performed to
estimate the extent of their overlap, particularly focusing on the error dependency on cluster
productivity and the appearance of errors at the end of a cluster. For this analysis, two datasets
were compared: the intersection of clusters from all three replicates and clusters from replicate
1. A pairwise correspondence between clusters from the two sets was established to estimate
the volatility of the boundaries. The clusters were ltered to ensure bijective correspondence.
For each cluster pair, the difference between boundary genomic coordinates was subsequently
computed for the 5' and 3' ends. The resulting values were normalized to the corresponding
replicate 1 cluster length and are presented in Fig.3.3. The box plot diagrams are represented as
lines at Y = 0 and indicate that only outliers have nonzero errors. The standard de nition of an
outlier is any data point outside the range (Q1 - 1.5 IQR) to (Q3 + 1.5 IQR), where the IQR is in
the interquartile range. Because the IQR in this case is 0 and the error cannot be below 0%, the
outliers are points above Q3. The maximum outlier values were 57.7% for the 5' ends of all the
clusters, 53.1% for the 3' ends of all the clusters, 7% for the 5' ends of the top 100 clusters, and
1.7% for the 3' ends of the top 100 clusters.

In summary, the results indicate that D. melanogaster OSS cell culture and PICB analysis
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Figure 3.3:Box plots illustrating normalized cluster boundary errors. Owing to small errors
in boundary coordinates across the replicates, the boxes are compressed into horizontal lines at
0% error, making only the outliers visible.

provide repeatable piRNA populations and their analysis. This allows us to utilize this

experimental system for studying D. melanogaster piRNA clusters and their characteristics.

3.1.1.2 Types of piRNA clusters

Clusters can be characterized by the contribution of multimapping alignments because
a cluster can be built from reads of different information richness (NH tag values). This
characterization is relevant because of the transposon suppression function of the piRNA system,
which makes secondary multimappers the most common type of alignment. Thus, clusters are
classi ed on the basis of the effect of secondary multimapping alignments on their boundaries.
The rst and most straightforward cluster type is the "solocore” (SC) cluster, where the cluster
ends are identical to the underlying core and have minimal in uence on multimappers. If

the cluster boundaries are not identical to the underlying core, the cluster is classi ed as an
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"extended-core” (EC) cluster, where secondary multimappers have a moderate effect on cluster
boundaries. The last type of cluster is the "multicore” (MC) cluster, which has two or more
underlying cores, making it more complex. Schematically, representations of these cluster types

are provided in Fig.3.4.

Figure 3.4: Schematic representation of cluster types.The cores are shown in yellow, the
secondary multimapping alignment coverage is shown in gray, and the clusters affected by the
secondary multimapping alignments are shown in light (EC) and dark (MC) orange.

To identify similarities and differences in biological characteristics among clusters of

different types, | calculated the relative fractions of the total number of clusters and total length

of clusters and explained next generation sequencing (NGS) reads (Fig.3.5). SC clusters made up

Figure 3.5:Fly OSS cluster type statistics Fractions of the number, total length, and explained
reads of solo-core (yellow), extended-core (light orange), and multicore (dark orange) clusters.
most of the identi ed loci, whereas multicore clusters represent only a small fraction. The same
order, but with smaller relative ratios, was observed in the occupied genomic space, where the
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MC clusters cover less than a quarter of the total cluster length. Unlike the number of loci and
their length, MC clusters dominate the explained read metric, indicating substantial asymmetry
among the piRNA clusters, with MC clusters being longer and more productive than the other
cluster types are.

To provide further insight into the characteristics of piRNA clusters of a given type, |
investigated whether the cluster type is the single determining factor and whether clusters within
a given type have identical lengths. To test this hypothesis, cluster length distributions were
calculated and are shown as histograms in Fig.3.6a.

SC clusters typically measure under 5 kb in length, EC clusters under 10 kb, and MC
clusters under 25 kb. Each cluster type clearly has a skewed distribution toward shorter lengths,
with a small number of outliers. Consequently, this approach invalidates the hypothesis of
identical cluster lengths.

While investigating whether cluster productivity depends on cluster length, one replicate
cluster was plotted on a scatter plot grouped by cluster type, as depicted in Fig.3.6b, along
with the corresponding Pearson coef cients. Although MC clusters appears to showed some
correlation between productivity and length, none of the cluster types exhibited a Pearson
coef cient above 0.5. The length of an MC cluster is determined by its number of cores, leading to
the merging of secondary multimapping coverage. Therefore, it is unsurprising that the likelihood

of merging is greater in more productive chromosomal regions.
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Figure 3.6:Fly OSS per type cluster length and productivity distributions
(a) Cluster length distribution histograms of solo-core, extended-core, and multicore clusters.
(b) Cluster productivity dependence on the length of solo-core, extended-core, and multicore

clusters. 40



3.1.1.3 Nucleotide composition of piRNA clusters

Noncoding RNAs, including piRNA transcripts, are biased toward thymine (T) compared
with the remaining genome. The fraction of each nucleotide occupying the reference dm6
sequence within each cluster was calculated to assess the signi cance of this T-bias. Additionally,
the fractions of adenine (A), cytosine (C), guanine (G), and two types of nucleotides based on
hydrogen bonds (A or T and C or G) were computed. As depicted in the upper part of Fig.3.7,
T is indeed prevalent in piRNA clusters. However, the analysis also revealed that the clusters are

rich in A, thus resembling transposon sequences in composition [70].

Figure 3.7:Fly OSS cluster nucleotide compositiorfupper partand productivity correlation
analysis. Pearson correlation coefcients between nucleotide composition and cluster
productivity in explained reads (RPKM) for all multicore, extended-core, and solo-core clusters
(lower part).

To assess the impact of nucleotide composition on cluster productivity, | conducted the

following analysis. The number of reads explained by each piRNA cluster was determined
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alongside the fraction of the cluster's sequence length occupied by a given k-mer. Consequently,
two numerical vectors were obtained, each with a length equal to the number of clusters. The
subsequent step involved correlating these two vectors and examining the Pearson correlation
coef cient. This analysis encompassed all possible k-mers with k values up to 8. None of the
k-mers exhibited any signi cant correlation coef cient, with a maximum absolute value of 0.04
observed for the 3-mer TAG. The lower part of Fig.3.7 presents the Pearson coef cients for
individual nucleotides, two H-bond nucleotides (A or T), and three H-bond nucleotides (C or G).

This nding indicates the absence of a motif in the sequence that can explain cluster productivity.

3.1.1.4 Distribution of piRNA clusters across the y genome

Our understanding of the diverse piRNA clusters in D. melanogaster raises questions about
their spatial arrangement within the genome. To elucidate their genomic locations, | computed
fraction of each chromosome genomic space occupied by SC, EC, and MC clusters.

The graphical representation of this distribution is depicted in Fig.3.8a, which reveals
the ubiquitous presence of clusters across the genome, except for chromosome Y. Notably,
chromosome Y's absence in OSS cells serves as a benchmark or negative control in our analysis.

Fig.3.8a, one may be tempted to say that piRNA pathway uniformly selects the precursors
from the genome. To verify or debunk this assumption, we need to ask: “Is the piRNA production
consistent across all genome regions?” To explore this further, | modi ed Fig.3.8a to show piRNA
cluster productivity measured by reads they generate, as presented in Fig.3.8b.

A closer examination of Fig.3.8b reveals a plus strand of chromosome X productivity,

overshadowing the remaining genome. This piRNA belongs to a locus called "Flamenco”, which
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Figure 3.8:Per chromosome distributions of y OSS piRNA clusters

(a) Chromosomal distribution of cluster genomic space on plus (right) and minus strands. Cluster
type is color coded. (b) Chromosomal distribution of cluster productivity on plus (red) and minus
(blue) strands.
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is one of the two piIRNA precursors that exhibit a phenotype. The other precursor is the suppressor
of Stellate (SuSte) [71], a male-speci ¢ locus on chromosome Y that is absent in OSS cells. The
"Flamenco” locus was previously reported to span 130 Kb on the basis of a study by [21]. Given
that the referenced study relied on just 60'691 reads, it raises the question: "Were the results of
the 2007 study constrained by the technological limitations of the time, potentially affecting the

de ned Flamenco boundaries?”
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Figure 3.9: Schematic representation of the genomic region encompassing the Flamenco
locus. Coverage and capability are averaged over a 10-kb window. White denotes more mappable
windows, and black indicates more unique windows. Yellow represents unknown sequences (N
stretches) in the reference genome.

A schematic representation of the genomic region, including Flamenco, is depicted in
Fig.3.9. One of the generated clusters, spanning coordinates chrX:21631611-21897500 (+),

encompasses the previously annotated Flamenco region chrX:21631891-21790731 (+). These
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larger clusters exhibit substantial coverage by unique mappers, with 390 RPKMs, or an absolute
value of 11.75, providing strong evidence for their existence.

A small gap (chrX:21897501-21899700) was observed between the generated plus-strand
clusters. | analyzed the reference genome sequence within this gap to understand its nature
after mapping it to the combined RepBase [72] genome index, which returned only the Roo
transposon sequence [73]. Unfortunately, this results did not clarify the reason for the gap.
Further mappability analysis of 20-mers generated by slicing the sequence within the gap revealed
a mean NH tag value of 129. This nding indicates that, on average, a 20-mer has 129 possible
locations in the reference dm6 genome. Consequently, the lack of mapping at the coordinates of
the gap is attributed to a limit of 100 possible alignments per read set during library mapping (see
Methods).

Given that the gap between clusters chrX:21631611-21897500 (+) and chrX:21899701-
22127300 (+) is a technical artifact, |1 can claim the Flamenco locus to be at least three times

larger than previously annotated.

3.1.1.5 Productivity of individual clusters

During the genetic modi cation of an organism, researchers are often limited by the number
of genomic positions they can modify. Therefore, it is important to identify the most crucial
clusters as targets for modi cation. This leads to the following question: "Can the most important
clusters be distinguished from the remaining PICB-generated clusters?”

To address this question, | performed force mapping of the library onto the cluster genomic

space (see Methods) and subsequently sorted the clusters on the basis of the number of reads
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they could explain. Fig.3.10 shows the signi cance of the clusters in terms of the reads they

Figure 3.10:Per cluster productivity of the OSS sample.Cumulative fraction of library reads
explained by piRNA clusters sorted by the number of reads they can explain (purple) and the
productivity of the same clusters in terms of the RPKMs of the explained reads (gray).

can explain and their RPKMs. The top cluster, which is the Flamenco cluster, accounts for
almost 60% of the library's reads. At the same time individual clusters ranked lower than the
top 100 collectively explained only 10% of the reads but occupy 83% of the cluster genomic

space. Therefore, this ranking methods provides a reasonable approach for identifying targets for

genomic modi cations.

3.1.1.6 Strandedness analysis

To understand the mechanism governing piRNA cluster selection, it is essential to
determine which DNA strands produce piRNA molecules. If both strands are involved, only
a speci ¢ chromatin con guration is needed. However, additional factors are necessary if only

one strand produces piRNA molecules.

47



To quantify strand heterogeneity, | employed the following metric:

Number of unique mapping sense reads overlapping the cludter

S=1 . . . . ;
Otho Number of unique mapping antisense reads overlapping the ciugter

where theS represents the logarithmic ratio of sense to antisense reads, termed strandedness. The
"+1” in both the nominator and denominator is necessary to ensure nite values of the logarithm.
| used unique mapping alignments to prevent interference between the clusters by multimappers,

which may be expressed in only a few clusters.

(b)

Figure 3.11: Strandedness and transposon antisense coverage of D. melanogaster OSS
piRNA clusters

(a) Violin plots of strandedness (gray area) and weighted strandedness (red area). The double-
stranded interval is highlighted in green.

(b) Violin plots of transposon antisense coverage (blue area) and productivity weighted (green
area) transposon antisense coverage.

Given the substantial variation in cluster productivity, as shown in Fig.3.11a, | decided that
strandedness alone may not fully characterize the D. melanogaster piRNA pathway. Therefore,
an additional metric is needed. For this purpose, | selected weighted strandedness, which is a
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combination of cluster strandedness and productivity. Here, strandedness remains as previously
de ned and the weight corresponds to the number of reads explained by a cluster.

The result is depicted in Fig.3.11a. Most clusters exhibit strandedness values ranging from
0.1 to 10, indicative of double-stranded clusters. However, when considering productivity, the
most substantial contribution comes from a single-stranded cluster with a strandedness value of
1000, notably corresponding to the Flamenco cluster. Hence, chromatin marks alone cannot

regulate piRNA production in D. melanogaster OSS cells.

3.1.1.7 Transposon antisense sequence presence

Given that the suppression of TE expression by the piRNA pathway requires sequence
complementarity, | assumed that piRNA clusters have transposable element insertions on the
antisense strand. To test this hypothesis, | calculated the coverage of piRNA clusters by TE
antisense insertions and normalized it to the cluster length. The resulting histogram is represented
by the blue area in Fig.3.11b.

Most of the clusters have exactly zero transposable elements on their antisense strand.
Next, | examined whether productive clusters had a higher proportion of their length covered
by antisense TE insertions. This analysis, weighted by piRNA cluster productivity represented
by the green area in Fig.3.11b. The dominant peak is clearly highly covered by antisense TE
insertions. This peak corresponds to the Flamenco cluster, thus supporting an assumption of the

TE suppression function of the cluster.
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3.1.1.8 Comparison to proTRAC

To compare PICB with the previously published proTRAC method, | applied proTRAC
v2.4.2 to process the y OSS library and analyze the clusters generated. The proTRAC output
yielded 24 clusters, all categorized as "mono”, with 19 clusters on the plus strand and 5 clusters

on the minus strand. The combined length of the proTRAC clusters was 236 kilobases.

Figure 3.12:Comparison with proTRAC results. Fraction of OSS piRNA library explained by
proTRAC-generated clusters (left Y-axis) and their RPKM values (right Y-axis).

After applying force mapping to the proTRAC-generated clusters, | observed (Fig.3.12)
that less than half of the library was explained, markedly less than the 94% of the same reads
explained by PICB (Fig.3.10). Given that the standard proTRAC approach does not distinguish
between unique and multimapping alignments, only the top nine clusters explain the library reads;
the remaining clusters appear to be the target regions.

To estimate the ef cacy of the “reallocate” script [53], | repeated the analysis via the

NGS toolbox collapsed [59], sSRNAmapper [74], reallocated, and proTRAC. The resulting output
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consisted of only two clusters, explaining a total of 4.1% of the reads.

3.1.2 Research on the piRNA population in D. melanogaster ovaries

The main function of the piRNA pathway is germ cell protection, and since OSS cells
are somatic cells, it is reasonable to study the D. melanogaster germ cell piRNA pathway. In
this section, | analyzed total small RNA sequencing data from D. melanogaster female ovaries
prepared by HaaseLab members [15]. These RNA molecules were size selected to roughly
correspond to piRNA length, sequenced and computationally cleaned from structural RNA
sequences such as ribosomal RNA, miRNA and snoRNA.

Unlike OSS cells, D. melanogaster germ cells have three PIWI proteins: Piwi, Aubergine
(Aub), and Ago-3. Piwi, similar to OSS, functions in the nucleus and is loaded with primary
piRNA molecules. Aub and Ago-3, on the other hand, operate in the cytoplasm, primarily
targeting mature exported long RNA molecules, primarily TE transcripts, and have a complicated
loading mechanism. Initially, Aub is loaded with primary piRNA molecules processed for the
cluster transcripts, which guide the cleavage of target transcripts, thus generating secondary
pPiRNA molecules. These secondary molecules are loaded into Aub and Ago-3, targeting piRNA
cluster transcripts and amplifying key anti-TE sequences. Ago-3 is thought to be loaded with
secondary piRNA molecules only, whereas Aub can use both primary and secondary piRNAs

[32].

51



3.1.3 Generation of D. melanogaster ovarian piRNA clusters

3.1.3.1 Optimization

To determine the optimal parameters for piRNA clustering in the y ovarian library, |
generated the optimization curves presented in Fig.3.13. The sliding window sizes were set to the
default values, but the number of unique mapping reads required to call a window varied between
the data points, ranging from 1-35 reads per 350 nt window. The curves depict the number of
reads in the library that can be produced from the clusters ("explained”), the total genomic space
occupied by the clusters, the number of clusters, and the mean RPKMs. The values changed
signi cantly between 1 and 7 reads per window and stabilized afterward. On the basis of these
results, | chose the default PICB value of 2 RPKMs, corresponding in this case to 9 reads per

sliding window.

Figure 3.13: Parameter optimization curves for piRNA cluster prediction from D.melanogaster
ovarian total small RNA library

The default parameters resulted in 334 clusters, occupying 4% of the genomic space and

explaining 85% of the reads in the library, leading to mean RPKM value of 77.86.
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3.1.3.2 Analysis of D.melanogaster ovarian piRNA clusters

3.1.3.2.1 Nucleotide composition of D.melanogaster ovarian piRNA clusters

To compare the generated ovarian piRNA clusters to previously analyzed OSS piRNA

clusters, | examined the nucleotide composition and correlation between productivity and

nucleotide composition (Fig.3.14).

Figure 3.14: Fly ovarian cluster nucleotide composition (upper part)and productivity
correlation analysis. Pearson correlation coef cients between nucleotide composition and
cluster productivity in explained reads (RPKM) for all multicore, extended-core, and solo-core
clusters (lower part).

Similar to the OSS results (Fig.3.7), ovarian piRNA clusters exhibit an A/T-rich bias, with

no correlation between piRNA cluster nucleotide composition and productivity.
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Figure 3.15:Per chromosome distributions of y ovarian piRNA clusters

(a) Chromosomal distribution of cluster genomic space on plus (right) and minus strands. Cluster
type is color coded.

(b) Chromosomal distribution of cluster productivity on plus (red) and minus (blue) strands.

3.1.3.2.2 Clusters genomic distribution

To understand the genomic location features of D. melanogaster ovarian piRNA clusters,
| visualized the predicted clusters as the fraction dm6 chromosomal genome space (Fig.3.15a).
The x-axis shows that the ovarian clusters are much more concentrated than the OSS clusters
are (Fig.3.8a). This nding aligns with the number of predicted clusters being approximately 20
times lower in ovaries than in OSS cells. The chrY cluster coverage is caused by false unique
mapping alignments allowing one mismatch from the reference sequence, similar to the OSS cell
results.

Per chromosome grouped cluster productivity is presented in Fig.3.15b. PiIRNA production
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occurs across the genome, with the exception of chrY. This result differs from that of the OSS
case, where the Flamenco cluster dominates the remaining clusters in the productivity plot
(Fig.3.8b). In the ovarian case, Flamenco is not the most productive cluster, yielding its position
to the chr2R subcentromeric cluster.

The most productive y ovarian cluster is located on the plus strand of chr2R, between
coordinates 6255301-6500200. Interestingly, the third most productive cluster is located at
exactly the same coordinates but on the opposite strand. These coordinates correspond to the
well-known piRNA cluster 42AB [75].

Cluster overlapping the 42AB is present in the OSS cells. It is located exclusively on the
minus strand and ranked 24 by total explained reads number. The single strandedness of the OSS
cluster can be attributed to lack of promoter independent transcription machinery such Rhino and
Moonshiner proteins. At the same time the single stranded Flamenco cluster is highly similar
between the ovarian and OSS datasets, indicating different transcription mechanisms present in

the ovarian piRNA biogenesis pathway.

3.1.3.3 Productivity of individual ovarian piRNA clusters

To compare cluster productivity between the ovarian piRNA clusters and the OSS piRNA
clusters, | repeated the productivity cumulative sum analysis. As shown in Fig.3.16, the
productivity distribution is signi cantly less concentrated than that in the OSS case (Fig.3.10)
indicating another mechanism of piRNA biogenesis regulation. The rst and third productivity
ranked clusters correspond to the 42AB coordinates, whereas the second cluster is the Flamenco

cluster.
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Figure 3.16: D.melanogaster ovarian piRNA cluster productivity. Cumulative fraction of
library reads explained by piRNA clusters sorted by the number of reads they can explain (orange)
and productivity of the same clusters in RPKMs of explained reads (gray).

Compared with the OSS case (Fig.3.10), the ovarian clusters show a similar trend.
However, the higher RPKMs observed in the top-ranked ovarian clusters revealed not only size

differences but also variations in transcription regulation among the clusters.

3.1.3.4 Cluster strandedness analysis

To compare y ovarian piRNA clusters to the previously described OSS clusters, | repeated
the same strandedness analysis as that described in Section 3.1.1.6. The result is shown in
Fig.3.17a. The distributions are signi cantly different from those in the OSS case (Fig.3.11a).
Compared with the OSS clusters, the ovarian cluster set exhibits a higher proportion of single-
stranded clusters, as shown by the number in the gray violin in Fig.3.17a.

Interestingly, at the same time, the relative productivity of the dual-stranded clusters

increased (red violin). The strandedness of Flamenco decreased@anmthe OSS case th(?,
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Figure 3.17:Strandedness and transposon antisense coverage of D. melanogaster ovarian
piRNA clusters

(a) Violin plots of strandedness (gray area) and weighted strandedness (red area). The double-
stranded interval is highlighted in purple.

(b) Violin plots of transposon antisense coverage (blue area) and productivity weighted (green
area) transposon antisense coverage.

indicating the possible activation of Rhino-transcribed regions within Flamenco and supporting

the hypothesis of distinct piRNA biogenesis mechanisms in D. melanogaster.

3.1.3.5 Transposon antisense sequence presence

| previously demonstrated that for OSS piRNA clusters, productive clusters tend to have
a larger fraction of TE antisense coverage. To determine if this outcome holds true for ovarian
clusters, | visualized a fraction of the cluster length covered by TE antisense sequences, as shown
in Fig.3.17b. The blue histogram re ects equal treatment of each cluster. In other words, a smaller
fraction of the ovarian clusters than the OSS clusters have no TE antisense insertions (Fig.3.11b).

The green area in Fig.3.17b shows the productivity-weighted histogram, which reveals two peaks
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corresponding to the Flamenco and 42AB clusters. Compared with the OSS case, the relative
weight of Flamenco peak decreased. Interestingly, the 42AB cluster has TE antisense coverage
values of 0.33 and 0.39 for the plus and minus strands, respectively. While these values may
appear low compared with those of Flamenco, it is important to consider that 42AB is double-

stranded. Thus, insertions on one strand compete for genomic space with those on the other

strand.

3.1.4 Research of piIRNA population in Schmidtea mediterranea

Planarians, also known as triclads, are atworms with unique regeneration abilities [76].
Some planarians even lose their sexual reproduction ability and instead reproduce by ssion [77].
S. mediterranea has two biotypes: sexually reproducing and asexually reproducing.

This life cycle necessitates extraordinary measures to protect genome integrity, including
an active piRNA pathway in the soma involving three proteins [78]. Among these proteins,
only SMEDWI3 belongs to an established clade that also includes mammalian PIWIL2 and y
AGQO3. The other two proteins, SMEDWI1 and SMEDWI2 do not belong to the established
clades of PIWI. SMEDWI1 and SMEDWIS are localized in the cytoplasm, whereas SMEDWI2
is a nuclear protein. SMEDWI2 de ciency leads to derepression of transposons, loss of neoblast
cells and eventual death of S. mediterranea [78].

In this study | analyzed previously published [78] total small RNA sequencing data in order
to identify source clusters of piRNAs. The sequencing data included 19'374'689 reads, of which
11'138'406 were unique mapped to Schmidtea mediterranea reference genome schMed3 [79].

The read length distribution, shown in Fig.3.18a, corresponds to piRNA whereas the miRNA
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reads were Itered out at the mapping step. The sequence logo (Fig.3.18b) showed 1U bias with

noticeable 10A enrichment, suggesting active "ping-pong” pathway.

(@) (b)

()

Figure 3.18:Planarian piRNA library statistics and optimization

(a) PIRNA length distribution for the planarian library.

(c) Sequence logo of planarian piRNAs mapped to the reference genome reads.
(c) Optimization curves for the planarian piRNA sample.
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3.1.4.1 Generating S. mediterranea piRNA clusters

The high proportion of unique mapping alignments indicated that clustering was relatively
straightforward. Nevertheless, | began by optimizing the clustering algorithm to determine the

best parameters.

3.1.4.1.1 Optimization

| used the default PICB parameters, with the exception of the minimal number of unique
mapping alignments per sliding window. The minimal number of unique mapping alignments
passed into the algorithm, i.e., the MIN.UNIQUE.ALIGNMENTS.PER.WINDOW parameter,
was varied from 1-120 per 350 nt sliding window.

After examination of optimization results shown in After examining the optimization
results shown in Fig.3.18c, | decided to use the maximally stringent condition of 120 unique
mapping alignments per sliding window. This approach led to 1313 clusters, which explained

62% of the reads in the library and occupied 1.7% of the reference genomic space.

3.1.4.2 Analysis of planarian piRNA clusters

3.1.4.2.1 Clusters genomic distribution

To identify hotspots of piRNA production, | grouped the generated clusters on the basis of
their reference chromosome and strand values.

As shown in Fig.3.19a, the distribution of cluster space is almost identify across
chromosomes and strands, with most space occupied by MC clusters. The productivity

distribution (Fig.3.19b) is balanced between strands and proportional to chromosome length:

60



(@)

()

(b)

Figure 3.19:Planarian piRNA cluster chromosomal distribution and productivity statistics

(a) Chromosomal distribution of cluster genomic space on plus (right) and minus strands. Cluster
type is color coded.,

(b) Chromosomal distribution of cluster productivity on plus (red) and minus (blue) strands.

(c) Cumulative fraction of library reads explained by piRNA clusters sorted by the number of
reads they can explain (orange) and productivity of the same clusters in RPKM of explained
reads (gray).
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chrl-339.7 Mb, chr2-270 Mb, chr3-113.8 Mb, and chr4-55.2 Mb. This observation contrasts

with the dominant distribution of D. melanogaster Flamenco clusters.

3.1.4.2.2 Clusters productivity

To identify the most biologically signi cant clusters, | applied the forced mapping
algorithm described in Section 2.2.1. The data from the annotation column was used to rank
the clusters from most to least productive. The cumulative sum of reads explained by the ranked
clusters normalized to the library size is shown in 3.19c. The gure shows that no single cluster
dominates; instead, the productivity of the clusters smoothly (not in a mathematical sense)
decreases with increasing cluster rank. The top cluster explains only 0.7% of the library, a
stark contrast to the 50+% explanation in the D. melanogaster OSS case. This nding means
that piRNA biogenesis regulation is completely different in S. mediterranea, reinforcing the
conclusion from Fig.3.19b. This result leads to multiple questions, such as the nature and purpose

of the clusters, their supposed targets, and the presence of a ping—pong ampli cation loop.

Figure 3.20: Characterization of the genomic interval around the top planarian piRNA
cluster. Top to bottom: density of piRNA alignments, predicted clusters on the plus and minus
strands, and annotated transposable elements on the plus and minus strands.
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To examine the top cluster, | visualized its neighboring genomic space, as shown in
Fig.3.20. The genomic region corresponding to the end of chromosome 1 (total length of 339.7
Mb) is rich in TEs on both strands, and the density of the TE insertions decreases with increasing

piRNA RPKM on the same strand, suggesting the TE antisense nature of these clusters.

(b)

Figure 3.21:Strandedness and transposon antisense coverage of planarian piRNA clusters

(a) Violin plots of strandedness (gray area) and weighted strandedness (red area). The double-
stranded interval is highlighted in purple.

(b) Violin plots of transposon antisense coverage (blue area) and productivity weighted (green
area) transposon antisense coverage.

3.1.4.2.3 Cluster strandedness analysis

Strand puri cation of piRNA clusters is one strategy that organisms use to optimize
the allocation of resources to piRNA systems. Since transposon coding sequences are not
palindromic, we expect TE insertions to occur at speci c genomic coordinates only on one of
the strands but not both. For TE-suppression piRNA clusters that rely on classical promoters, not

Rhino-like proteins, strand puri cation is expected, especially for the most productive clusters.
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A previous study [80] reported that 99% of planarian piRNA clusters are unistranded, suggesting
that Rhino-like protein-induced transcription is unlikely.

To analyze productivity-related strand puri cation, | used the strandedness analysis
approach described in Section 3.1.1.6. The result is shown in Fig.3.21a. The most productive
clusters exhibit greater strand puri cation, as indicated by a peak in the weighted (red area) plot
that is 2 orders of magnitude greater than the equal contribution peak. Nevertheless, this ratio is
3 orders of magnitude for D. melanogaster (Fig.3.11a). This aligns with piRNA annotations in S.
mediterranea [80], in which 73% of SMEDWI-2-associated piRNAs were not mapped to repeats,

suggesting alternative uses of the pathway beyond TE suppression.

3.1.4.3 Transposon antisense sequence presence

To determine if there is a clear relationship between S. mediterranea piRNA cluster
productivity and TE content, | plotted histograms of the fraction of a cluster covered by TE
antisense sequences (Fig.3.21b). The blue histogram represents every cluster equally, regardless
of productivity, and shows most clusters have an exact genome average fraction of TE antisense
insertions without enrichment or strand puri cation.

When cluster productivity is considered, the TE antisense fraction histogram, shown in
green in Fig.3.21b, does not signi cantly change. The only difference is the reduced contribution
of piIRNA clusters without TE antisense insertions. This nding suggests either a different
function of planarian piRNAs aside from TE suppression or a different mechanism of cluster
productivity regulation from the y mechanism. This mechanism may be based on a "ping—pong”

ampli cation loop.
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3.1.4.3.1 Presence of "ping-pong” signatures

Many TE-suppressing piRNA systems use a "ping—pong” ampli cation loop. In this
process, one PIWI proteins processes primary piRNA molecules transcribed from the clusters
and cleaves TE transcripts, generating secondary piRNA molecules from the transcript that are
antisense to the primary ones. These secondary piRNAs are loaded into the same or another PIWI
protein and used to process the cluster transcript, ensuring the generation of the most ef cient
primary piRNAs. The characteristic signature of this process is a 10 nt overlap between the 5'

ends of primary and secondary piRNA alignments [14].

Figure 3.22: Distance between the 5' end coordinates of opposite strand piRNA primary
alignments overlapping the clusters on either strand.

Since S. mediterranea has 3 PIWI proteins, a “ping—pong” mechanism is expected. To
verify this, | plotted “ping—pong” signature depicted in Fig.3.22. The Z score for the 10 nt overlap
is 4.7, distinguishing it from all other overlaps. The fraction of primary alignments participating
in this overlap is 13928 reads per million (RPM). These ndings indicate the presence of an active

“ping—pong” ampli cation loop in S. mediterranea.
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3.2 Analysis of mammalian piRNA clusters

Placental mammalian males have two phases of piRNA pathway activity: pachytene and
prepachytene [81]. The prepachytene piRNA pathway phase is based on the PIWIL2 and PIWIL4
proteins, which are referred to as MILI and MIWI2, respectively, in mice. Similar to Piwi in
ies, mammalian prepachytene piRNAs target transposons. This class of piRNAs is found in
spermatogonia [82].

The second class of piRNAs are referred to as pachytene piRNAs and become active in
cells that are already committed to meiosis. This pathway involves two PIWI proteins—PIWIL2
(MILI) and PIWIL1 (MIWI). The targets of this pathway remain unclear, as most of the piRNA
reads map only to their source genomic loci. Current hypotheses suggest roles in gene expression

regulation [83], including "sel sh” genes that are otherwise harmful to germ cells [84].

3.2.1 Pachytene piRNA production

3.2.1.1 Mouse pachytene piRNA-MIWI-IP clusters

In this section, | present a study of a mouse MIWI (PIWIL1) immunoprecipitation piRNA
sequencing library previously published by the ZamoreLab [85] and available in the Sequence
Read Archive (SRA) under accession number SRR7760307. The library contains 21'528'109
of 75 nt long reads. After trimming the adapters and mapping the reads to the mouse mm210
reference genome, the resulting read length distribution corresponds to a clean piRNA library
without a miRNA contamination peak at 21-22 nt (Fig.3.23a). The sequence logo shown in

Fig.3.23b indicates the presence of a 1U bias typical for piRNAs but not the 10A bias often
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Figure 3.23:MIWI pachytene piRNA library statistics and optimization
(a) PIRNA length distribution. Green area is allowed PICBload range.
(c) Sequence logo of the mapped to the reference genome reads.

(c) Optimization curves.

observed in the "ping—pong” piRNA biogenesis pathway.

3.2.1.1.1 Generation of piRNA clusters

To identify the optimal clustering parameters, | ran PICBbuild on the MIWI library using
the following unique mappers per sliding window threshold values: 1, 10, 12, 20, 30, 40, and 50.
The default value was 12, corresponding to 2 RPKM.

As shown by the fraction of the library explained by the clusters (left green line in

Fig.3.23c), nearly every piRNA in the library accounted for across all cases. At the same time,
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the number of clusters markedly decreases between 1 and unique mapping piRNAs per sliding
window. Thus, | decided to use the default parameter of 2 RPKM or 12 reads.

The results included 1812 seeds, 1790 cores and 1737 clusters (Fig.3.24a). The total cluster
length was 5.47 Mb or 0.1% of the mm210 genomic space. The clusters explained 97% of the
piRNAs in the library. This result differs signi cantly from that of the y loci, where the number
of clusters was much lower than the number of seeds.

The contribution of cluster types also differs from that of the y case. Most clusters are
SC (Fig.3.24b); this result is similar to that of the y OSS case. At the same time, SC clusters
have the greatest combined genomic space and piRNA productivity. This result is different from
that of the OSS case. This outcome can be explained by the larger fraction of unique mappers in
the MIWI library than in the y OSS case. In the OSS library, only 30% of the reads are unique,
whereas in the MIWI library, 76% of the reads are unique.

To understand the changes in the nucleotide composition of the MIWI clusters, | created
violin plots for A, T, C, and G and A/T (A or T) and C/G (C or G) in Fig.3.24c. Comparing
the composition in Fig.3.24c to y OSS clusters nucleotide composition shown in Fig.3.7, there
is a signi cantly lower A/T fraction. This nding indicates that MIWI clusters contain fewer
TE-derived sequences. Similar to the OSS clusters, the MIWI clusters do not show a correlation

between productivity and nucleotide composition.

3.2.1.1.2 Analysis of genomic distribution

To investigate the genomic localization of MIWI piRNA clusters, | visualized their
distribution per chromosome (Fig.3.25a). Notably, the sex chromosomes X and Y do not have

piRNA clusters, which can be explained by meiotic sex chromosome inactivation in eutherian
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Figure 3.24:MIWI pachytene basic loci and cluster types statistics
(a) Statistics of seeds, cores, and clusters; (b) normalized statistics of clusters by type; (c)
nucleotide composition and its correlation with productivity.
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Figure 3.25:MIWI pachytene piRNA cluster chromosomal distribution and productivity
statistics

(a) Chromosomal distribution of cluster genomic space on plus (right) and minus strands. Cluster
type is color coded.,

(b) Chromosomal distribution of cluster productivity on plus (red) and minus (blue) strands.

mammal males in the pachytene state of meiosis [86]. Overall, the chromosomal distribution of
MIWI pachytene piRNA clusters exhibits signi cant strand asymmetry, especially when cluster
type is considered. For example, chromosome 9 has a considerable length of MC piRNA clusters
only on the plus strand. Similarly, chromosomes 4, 5, 6, and 8 have MC clusters primarily on
the minus strand. To understand whether this distribution is systematic or a statistical anomaly, |
reviewed the cluster table (Supplementary Tables) and found that chr9 has only two MC clusters
located on the plus strand, suggesting that the cluster type asymmetry is caused by a small number
of MC clusters.

Looking at piRNA cluster productivity distribution per chromosome in Fig.3.25b, one
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can notice signi cant variation between the autosomes as well as their strands. Surprisingly
chromosome 16 produces almost no piRNA despite being 98 Mb long and comparable in size to
chromosome 18, which is 90.7 Mb long and has similar cluster length coverage. Cluster number
also cannot explain this difference as chromosome 16 has 66 clusters, while chromosome 18 has

50 clusters. This suggests a complex cluster productivity regulation mechanism being involved.

3.2.1.1.3 Analysis of individual clusters productivity

To further investigate variations in MIWI piRNA cluster productivity, | analyzed the per
cluster productivity via the primary alignments per cluster. This approach is a reasonable
alternative to "force mapping” since most reads in the MIWI library are uniquely mapped. The
cumulative sum and RPKM-normalized productivity metrics are presented in Fig.3.26a.

The distribution is similar to that of the y samples, with a small number of clusters
explaining most of the reads, and different from that of the planarian samples (Fig.3.19c), where
the cumulative explained piRNA plot was less steep.

The top cluster, located at chr2:92539966-92612065, has 908'666 primary alignments
and explains 909'335 reads, suggesting the absence of transposon suppression function. This
cluster shares a bidirectional promoter with the uncharacterized gene GM13817 and has been
previously described as a piRNA-producing locus [52]. My observation does not support the
splicing structure predicted for GM13817 in RefSeq. The 5' ends of the cluster overlap with
the carbohydrate sulfotransferase 1 (CHST1) gene, which is not expressed in the testes. These

observations alone cannot explain the function of the top-ranked cluster.
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Figure 3.26:Analysis of MIWI piRNA cluster rank and strandedness distributions

(a) Cumulative sum of primary alignments (left Y-axis) and length normalized productivity (right
Y-axis) of MIWI piRNA clusters.

(b) Strandedness violins for MIWI piRNA clusters based on unique mappers ratio: non-weighted
(gray) and productivity weighted (red).

(c) Histogram of bidirectionally promoted cluster ranks.

(d) Histogram of bidirectionally promoted cluster strandedness values.
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3.2.1.1.4 Strandedness analysis

Another characteristic of piRNA clusters is strandedness, a ratio of sense and antisense
productivities. As observed in the case of the top y piRNA cluster Flamenco, the TE suppression
function provides evolutionary pressure to increase the strandedness of the cluster (Fig.3.11a).

MIWI piRNA clusters are generally single-stranded, as shown by the gray area in
Fig.3.26b. Moreover, productivity-weighted strandedness shows a multipeak distribution with
single-stranded and double-stranded peaks. This distribution differs from that of the invertebrate
samples presented above.

To further investigate the unusual weighted-strandedness shape, | examined double-
stranded clusters with sense/antisense ratios between 0.1 and 10, which comprised 88 clusters
out of 1737 clusters. Notably, ninety percent of the piRNAs in double-stranded clusters belong
to just 9 double-stranded clusters ranked between 6 and 33, suggesting that the distribution is not
a statistical anomaly.

Another peak, between the ratios bd and 102, corresponds to three clusters ranked
3, 4 and 13. These clusters have bidirectional promoters, with clusters ranked 17, 14 and 18,
respectively. This homogeneity of productivity contradicts the top cluster observation, as it shares
a promoter with the cluster ranked 191.

The peak neat(?® corresponds to three clusters with strandedri€88®, 107¢°, 107°
and ranked 9, 29, and 67. Clusters 9 and 29 were paired by bidirectional promoters with clusters
ranked 1326 and 528 respectively.

To further investigate the relationship between cluster strandedness and its bidirectional

promoter partner, | identi ed 49 pairs of clusters sharing a bidirectional promoter. Most of these

73



clusters are highly productive, as shown in Fig.3.26c. While some pairs may consist of a top-
ranked cluster accompanied by a low-ranked cluster, in many cases, both of the clusters in a pair
are highly productive. This nding suggests that the strength of the promoter is signi cant but
not the only factor affecting cluster productivity.

The strandedness distribution among bidirectionally promoted clusters is shown in
Fig.3.26d. The top-in-pair clusters tend to be either slightly double-stranded or single-stranded,
without extreme values such a6°. The lower-in-pair clusters are generally double-stranded,

with an additional peak ned0 2, which seems to be dominated by the top-in-pair partner reads.

3.2.1.1.5 Transposon suppression hypothesis

Since suppression of TE expression requires the presence of antisense sequences, |
analyzed this characteristic in MIWI piRNA clusters. The mean fraction of the cluster length
covered by TE-derived sequences is 11.7% for the antisense strand and 11.8% for the sense
strand. In comparison, the mouse mm10 genome has 20% RepeatMasker-annotated TE
sequences if the strand is considered.

To determine whether the TE antisense content depends on cluster productivity, | plotted
two violin histograms of the cluster fraction covered by TE antisense insertions, as shown in
Fig.3.27a. The blue histogram accounts for every cluster in the same way, independent of its
productivity. Most of the clusters have zero TE antisense coverage.

When cluster productivity is considered, represented by the green histogram, productive
piRNA clusters have lower TE antisense insertions than the genome average does.

There is a secondary peak of slightly enriched TE antisense piRNA clusters in the green

histogram. This peak consists of 136 clusters, but 80% of its productivity can be attributed to
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only 6 clusters ranked between 13 and 36, ve of which have a bidirectional promoter. Clusters

ranked 13 and 18 are both in the secondary peak, paired by a bidirectional promoter. The six

clusters have, on average, 3.74 times more TE antisense coverage than TE sense coverage (sd 3).

Assuming relatively low ranks of the six clusters and small numbers, | cannot conclude whether
pachytene piRNAs have a secondary function in transposon suppression or if this is a statistical

anomaly.

(b)

Figure 3.27: MIWI pachytene piRNA cluster antisense TE coverage and ping-pong
signature analysis.

(a) MIWI pachytene piRNA cluster TE antisense coverage histograms in terms of cluster number
(blue) and cluster productivity (green). The average genome length was normalized to the length
of both strands.

(b) The ping-pong signature as the number of overlapping primary alignments for the MIWI
pachytene piRNA library.

3.2.1.1.6 Presence of "ping-pong” signatures

Analysis of "ping—pong” signatures was performed on the basis of primary alignments to
ensure normalization to the library size. The resulting alignment counts per overlap are shown
in Fig.3.27b. The 10 nt overlap has a high Z score of 4.6 among the remaining 1-26 nt values.
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Moreover, the number of 10-nt overlaps is only 2.3 times greater than the median, and less than
0.2% of the primary alignments participate in the 10-nt overlap. This nding suggests that the
"ping—pong” mechanism is active in MIWI pachytene piRNA biogenesis but is not the dominant

mechanism.

3.2.1.2 Mouse pachytene piRNA-MILI-IP clusters

In this section, | present a study of a mouse MILI (PIWIL2) immunoprecipitation piRNA
sequencing library previously published by the ZamoreLab [85] and available in the Sequence
Read Archive (SRA) under accession number SRR7760331. This library contains 29'004'212
reads, each 75 nt long. After trimming the adapter sequences and mapping the reads to the mouse
mm10 genome, the resulting read length distribution corresponded to the piRNA length range, as
shown in Fig.3.28a. The sequence logo shown in Fig.3.28b indicates the presence of 1U bias but
not 10A bias.

To understand the optimal clustering parameters, | ran PICBbuild on the MILI pachytene
piRNA library using the following unique mappers per sliding window threshold values: 1, 5, 10,
15, 17, 20, 25, 30, and 35. The default value was 17 unique mappers corresponding to 2 RPKM.

As shown by the left green line in Fig.3.28c, the clusters explained almost every piRNA
in all cases. At the same time, the number of clusters decreased drastically between 1 and 5
unique mapping piRNAs per sliding window. On the basis of the expectation that most of the
noise disappears with increasing threshold value, | decided to use the default value of 17 unique
mappers or 2 RPKM.

The resultsincluded 2161 seeds, 2133 cores and 2023 clusters (Fig.3.29a). The total cluster
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Figure 3.28: PIRNA length distribution and optimization analysis for MILI pachytene
library

(a) PIRNA length distribution. Green area is allowed PICBload range.

(c) Sequence logo of reads mapped to the reference genome.

(c) Optimization curves for.

length was 6.6 Mb or 0.12% of the mm10 genomic space. The clusters explained 97% of the
piRNAs in the library. This result is surprisingly similar to that for the MIWI pachytene clusters
in Section 3.2.1.1.

At the same time, the cluster type distribution in Fig.3.29b differs from that of the MIWI
pachytene case (Fig.3.24b), where a larger contribution of extended core and multicore clusters
were observed in terms of both genomic space and productivity. Despite this difference, the

fraction of multicore clusters in the total number of clusters is nearly identical. This nding is
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surprising, as the MILI pachytene library is 91% unique, and the MIWI pachytene library is 76%
unique. Intuitively, | would expect MC clusters to be more in uential in a library with a larger
fraction of multimapping reads.

The nucleotide composition shown in Fig.3.29c is similar to the MIWI pachytene cluster
composition. The MILI pachytene clusters, on average, are composed as follows: A 25.8%; T
27.7%; C 22.9%; and G 23.6%, aligning closely with the mm10 genome composition, which is
given as follows: A, 29.2%; T, 29.2%; C, 20.8%; and G, 20.8%. As in the previous cases, there

is no correlation between cluster composition and productivity.

3.2.1.2.1 Analysis of cluster genomic distribution

To understand the similarities and differences between MILI pachytene piRNA clusters
and other sample clusters, | performed a genomic distribution analysis with a per chromosome
overview, as shown in Fig.3.30. The rst noticeable feature of the cluster space chromosomal
distribution (Fig.3.30a) is the presence of coverage on chromosome X, which is supposed to
be transcriptionally silent. Further investigation revealed two low-productivity clusters on chrX
corresponding to microRNAs 743, 743b, 878, and 881. This is clearly a technical artifact that
is likely caused by the presence of these miRNAs in the cell before the pachytene stage of
meiosis. The overall per chromosome cluster coverage distribution was similar to that of the
MIWI pachytene clusters (Fig.3.30a).

The per chromosome distribution of cluster productivity, as shown in Fig.3.30b,
displays similar characteristics to the MIWI pachytene piRNA cluster distribution (Fig.3.30b).
Speci cally, low levels of piRNA production on chromosome 16 leads to signi cant productivity

asymmetries on chromosomes 2, 4, and 18. Overall, no chromosome switched its more
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Figure 3.29:MILI pachytene basic loci and cluster types statistics
(a) Statistics of seeds, cores, and clusters; (b) Normalized statistics of clusters by type, (c)
Nucleotide composition and its correlation with productivity.
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Figure 3.30:Per chromosome distributions of MILI pachytene piRNA clusters

(a) Chromosomal distribution of the cluster genomic space on the plus (right) and minus strands.
The cluster type is color coded. (b) Chromosomal distribution of the piRNA cluster productivity
on the plus (red) and minus (blue) strands.
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productive strand, though the relative productivities across chromosomes have changed. This
observation is noticeable for chromosome 17, which has an increased fraction of total piRNAS,
and the minus strand of chromosome 9, which has a decreased contribution. A conserved pattern

is clearly present, but the variations remain explained.

3.2.1.2.2 Analysis of individual clusters productivity

As with the previous case, | analyzed the cluster productivity of MILI pachytene piRNA
clusters via primary alignment instead of “force mapping”. This approach is reasonable,
assuming that 91% of the sequencing library is uniquely mapped. The cumulative fraction of
the explained library shown in Fig.3.31a closely resembles the MIWI plot (Fig.3.26a), with a
sharp rise of approximately 80—-100 clusters and a plateau consisting of the lower ranked clusters.
The size-normalized productivity measured in RPKM follows a similar decay pattern after the
top clusters.

To investigate the relationships between cluster productivities between the two mouse
pachytene piRNA samples, | rst identi ed intersection pairs between the MILI and MIWI
pachytene piRNA clusters. To ensure the most robust biological relationship if multiple MIWI
clusters were found overlapping the same MILI clusters, the minimal absolute difference in rank
was chosen. Among the 2023 MILI clusters, 1312 overlapped with the MIWI clusters. This
overlap is unlikely due to chance, considering that only 0.1% of the mm10 genomic space is
occupied by the clusters. Second, for each MILI piRNA cluster, | computed the fraction of its
genomic space found in the MIWI clusters.

As shown in Fig.3.31b, the more productive MILI clusters tend to intersect with

comparably ranked MIWI clusters, whereas less productive MILI clusters intersect across the
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Figure 3.31:Productivity and intersection analysis of MILI and MIWI piRNA clusters

(a) Cumulative sum of primary alignments (left Y-axis) and length normalized productivity (right
Y-axis) of MILI piRNA clusters.

(b) Intersection relationship between MILI and MIWI pachytene piRNA clusters with color coded
coverage of MILI clusters by MIWI clusters. Red lines designate areas of equal dot density.

y-axis. The density of points, indicated by the red curves, is maximized around the top clusters,
suggesting a greater number of intersection pairs there. Finally, the color-coded coverage of the
MILI cluster genomic space by MIWI clusters indicates a greater degree of overlap.

On the basis of the intersection analysis, | can conclude that more productive clusters
are robustly present in both libraries. Moreover, the mechanism of this overlap is not clear.
A pure “ping—pong” signature would lead to the strand being ipped, thus preventing overlap,
yet the “ping—pong” signature of double-stranded clusters can result in overlap in the genomic
space. Another possibility is that both libraries share a similar regulatory mechanism for cluster

productivity or even load piRNAs from the same pool.
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If overlaps are caused by the “ping—pong” signature of double-stranded clusters, the
overlapping clusters should exhibit more double-strandedness than the whole set does. To test

this, I need to perform a strandedness analysis.

3.2.1.2.3 Strandedness analysis

| analyzed the strandedness of MILI pachytene clusters via the same methodology as that
previously described (Fig.3.32a left). As shown by the gray area, most of the MILI clusters are
single-stranded, with approximately 100 times more uniqgue mapping alignments on the sense
strand than on the antisense strand. These clusters are similar to the MIWI clusters (Fig.3.26b).
At the same time, the weighted distribution of piRNA productivity shown by the red area in
Fig.3.32a tends to be more single-stranded than its MIWI counterpart clusters are.

To investigate the differences in double-stranded cluster productivity, | selected the most
productive double-stranded MIWI clusters (those ranked 6, 7, 8, 12, 18, 20, 24, 27, and 33) and
identi ed their overlapping MILI partners (those ranked 14, 7, 8, 12, 16, 20, 26, 33, and 31 in
the same order as their MIWI partners). Among these clusters, only MILI clusters 8, 12, and
20 are borderline single-stranded, with strandedness values between 11.6 and 13.5. This nding
suggests that the strandedness of the clusters did not change but that their relative fraction of
explained piRNAs differed between samples.

As previously noted in Section 3.2.1.1.4, top clusters participate in bidirectional promoter
pairs, and within a given pair, the more productive cluster is often single-stranded. Among the
MILI pachytene piRNA clusters, 48 were identi ed as bidirectionally promoted pairs, compared
to 49 in the MIWI dataset analysis. | also compared the rankings of the bidirectionally promoted

clusters. As shown in Fig.3.32b, these clusters tend to be highly ranked, and the number of low-

83



(b)

(@)

(©)

Figure 3.32:MILI pachytene cluster strandedness and bidirectional promotion statistics

(a) Strandedness of MILI clusters. Left violins: Strandedness distribution of MILI pachytene
clusters by number (gray area) and by piRNA productivity (red area); Middle violin:

Strandedness of MILI clusters overlapping MIWI clusters; Right violin: Strandedness of MILI

clusters overlapping MIWI clusters weighted by overlapping fraction.

(b) Histogram of bidirectionally promoted MILI pachytene cluster ranks.

(c) Histogram of bidirectionally promoted MILI pachytene cluster strandedness values.
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ranking top-in-pair clusters with total ranks above 500 changed from 5 in the MIWI dataset to 13
in the MILI clusters, suggesting less signi cance of bidirectional promoters. The strandedness of
the clusters in pairs did not signi cantly change for the top-in-pair clusters, as shown in green in
Fig.3.32c, whereas for the lower-in-pair clusters, the strandedness shifted away from values less
than 1.

To answer the question of whether the bidirectionally promoted MILI clusters are the same
between the replicates, | again used an overlap strategy. However, in this analyzed, | counted
two types of overlaps: overlaps with any MIWI cluster and overlaps with a bidirectionally
promoted MIWI cluster. Among the 93 MILI clusters identi ed as bidirectionally promoted, 69
overlapped with MIWI bidirectionally promoted clusters, 14 with any other MIWI cluster, and
10 did not overlap with any MIWI clusters. Assuming that only 5.3% of the MIWI clusters are
bidirectionally promoted, the bidirectional promotion tends to be conserved between the MILI

and MIWI pachytene piRNA clusters.

3.2.1.2.4 Transposon suppression hypothesis

As many piRNA pathways suppress transposons on the basis of sequence complementarity,
| checked for the presence of TE antisense sequences in the MILI pachytene clusters. On average,
MILI pachytene piRNA clusters contain 9.1% TE antisense-derived sequences, whereas TE
sense-derived sequences account for 9.3% of the MILI clusters on average. This value is low,
assuming that 20% is the average value for the mouse genome.

To determine whether the TE antisense content depends on cluster productivity, | used the
same statistical approach as that described in Section 3.2.1.1.5. Most of the clusters contained

fewer than 10% TE antisense sequences, as shown by the blue violin in Fig.3.33a. If | account for
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cluster productivity (green violin), the peak is still below the genome average. A secondary peak
observed in the MIWI cluster weighted histogram (Fig.3.27a) is not present. | do not believe that

any of the MILI pachytene piRNA clusters are directly involved in targeting transposons.

(@) (b)

Figure 3.33:MILI pachytene piRNA cluster TE antisense coverage and ping-pong signature
analysis

(a) PIRNA cluster TE antisense coverage histograms in terms of cluster number (blue) and cluster
productivity (green). The average genome length was normalized to the length of both strands.
(b) "Ping—pong” signature as the number of overlapping primary alignments for the piRNA
library.

3.2.1.2.5 Presence of “ping—pong” signatures

The “ping—pong” ampli cation signature in the MILI pachytene piRNA dataset is weak.
Despite a high Z score of 4.2 (Fig.3.33b), only 0.07% of the primary alignments in the library,
or 712 RPM, patrticipated in the characteristic 10 nt overlap. The 10 nt overlap is statistically
signi cant compared with the remaining 1-26 nt overlaps, but the biological signi cance of such

a small proportion of primary alignments is not clear.
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3.2.2 Prepachytene piRNA production

Mammalian males express two prepachytene PIWI proteins: PIWIL2 (MILI) and PIWIL4
(MIWI12). According to the prevailing consensus, MILI is involved in both primary and secondary
piRNAs, whereas MIWI2 can only bind to secondary-derived RNA molecules [32]. In this
section, | describe my analysis of mouse MILI and MIWI2 prepachytene piRNA libraries and
the golden hamster PIWIL2 prepachytene piRNA dataset. | begin with a description of mouse
PIWIL2 (MILI) because it can process the primary piRNA; next, | continue with mouse PIWIL4
(MIWI12); and nally, | describe hamster PIWIL2. To assure good separation between the protein
speci ¢ piRNA populations | use immunoprecipitation (IP) sequencing datasets. IP reads are
piRNA by de nition as interaction with a PIWI protein is con rmed by the protein specic

antibody.

3.2.2.1 Mouse prepachytene piRNA-MILI-IP clusters

In this section, | study the newborn mouse MILI (PIWIL2) immunoprecipitation piRNA
sequencing library [87], available from the Sequence Read Archive (SRA) under accession
number SRR6359958. This library contains 12'075'188 reads, each 51 nt long. After trimming
the adapter sequences, 84% of the sequences were mapped, which is unique and consistent with

typical piRNA length distribution (Fig.3.34a) and a robust 1U bias (Fig.3.34b).

3.2.2.1.1 Mouse MILI prepachytene piRNA library analysis

As in the previous cases, | began by searching for the optimal number of unique mapping

alignments per 350 nt sliding window. The tested values used were as follows: 1, 5, 8, 10, 15,
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20, 25, 30, and 35 unique mapping reads per window. After the optimization curves were studied
(Fig.3.34c), | decided to use the default 2 RPKM threshold, corresponding to 8 reads per sliding

window.
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Figure 3.34:MILI prepachytene piRNA library statistics and optimization
(a) PIRNA length distribution. Green area is allowed PICBload range.
(c) Sequence logo of mapped reads.

(c) Optimization curves.

The result is 31'202 seeds, 31'083 cores, and 28'626 clusters (Fig.3.35a). The total length
of the clusters is 89.4 Mb, or 1.6% of the reference genomic space. The clusters explained 58%
of the mapped library reads. This number is signi cantly lower than that of the pachytene MILI
clusters despite being an order of magnitude longer in terms of genomic space.

The cluster type distribution shown in Fig.3.35b is similar to that of the MILI pachytene
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clusters (Fig.3.29b), with one signi cant difference: prepachytene SC clusters per kilobase are
more productive than EC clusters are, a contrast to the pachytene MILI cluster results.

The nucleotide compositions shown in Fig.3.35c does not signi cantly differ from that of
the pachytene case. | did not expect this outcome, as | assumed that prepachytene clusters are
suppress transposon expression and subsequently should be more A/T rich. Typically, there is no

correlation between cluster productivity and nucleotide composition.

3.2.2.1.2 Analysis of cluster genomic distribution

The analysis of the genomic distribution of MILI prepachytene piRNA clusters starts
with per chromosome statistics. Fig.3.36a shows the fraction of chromosome genomic space
occupied by a speci c cluster type for the plus and minus strands. Unlike in the MILI pachytene
case (Fig.3.30), the sex chromosomes are not transcriptionally inactivated. Cluster presence on
chromosome X is clearly different from chromosome Y. This heterogeneity requires a manual
analysis. Only three piRNA clusters were identi ed on chromosome Y. Two of these clusters
form a double-stranded cluster at chrY:2514201-2526100 that is lled with LTR transportable
elements. The third cluster is located at chrY:699901-711100(+) and has unique mapping
coverage of a MURVY-ERYV insertion on the sense strand. | hypothesize that chromosome Y lacks
regulatory elements and that these three clusters are the result of a “ping-pong” ampli cation
loop. The overall cluster presence distribution is shown in Fig.3.36a appears to be more
symmetric than the MILI pachytene cluster distribution does, which is expected if there is an
order of magnitude greater number of clusters.

The per chromosome cluster productivity distribution shown in Fig.3.36b is extremely

different from that of the pachytene case. The minus strand of chromosome 7 is an obvious
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Figure 3.35: Statistics of MILI prepachytene piRNA cluster types and nucleotide
compositions

(a) Statistics of seeds, cores, and clusters; (b) Normalized statistics of the clusters by type; (c)
Nucleotide composition and its correlation with productivity.
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Figure 3.36: Chromosomal distribution and productivity of MILI prepachytene piRNA
clusters

(a) Chromosomal distribution of the cluster genomic space on plus (right) and minus strands.
Cluster type is color coded.

(b) Chromosomal distribution of the cluster productivity on plus (red) and minus (blue) strands.
(c) Coverage of chromosome 7 by MILI prepachytene piRNA alignments.
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outlier, with a distribution that appears more like that of the D. melanogaster chromosome X plus
strand than that of any mammalian distribution | previously described. Aside from this outlier,
per chromosome productivity is symmetric, and unexpectedly unproductive chromosomes, such
as chrl6 in the MILI pachytene case (Fig.3.30b) are not observed.

To further investigate the unusually high productivity of chromosome 7, | visualized its
pPiRNA coverage via unique mapping and primary multimapping piRNA alignments (Fig.3.36c).
The minus strand exhibits signi cantly greater coverage than the plus strand does for both
alignment types, and a highly productive peak is apparent in the minus strand near the beginning
of the chromosome that is reproducible for both unique mapping and multimapping alignments.

| expect to nd a highly productive cluster there.

3.2.2.1.3 Productivity of individual clusters

The cumulative sum of reads explained by the MILI prepachytene piRNA clusters shown
in Fig.3.37a. This curve is not as steep as the mouse MILI pachytene curve (Fig.3.26a) or the y
OSS curve (Fig.3.10). The 90% percentile is 15'030 or almost half of the clusters, whereas it is
59/2023 in the MILI pachytene case. This nding indicates either a highly homogeneous cluster
population or a signi cant level of biological noise.

The top cluster (ranked 1), is located at chr7:6595101-6654300(-). | visualized the genomic
area, as shown in Fig.3.37b. An investigation of the top cluster surroundings revealed two
features. First, cluster 1 is located downstream of the Zim2 gene. The splicing structure of
the transcript (NRL31759.1) is preserved, except at the transcription termination point, and
there is a seamless transition to cluster 1. These ndings suggest that the Zim2 promoter can

regulate the expression of the cluster. The second feature is the presence of the rank 5 cluster
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Figure 3.37:Analysis of MILI prepachytene piRNA most productive clusters.
(a) Cumulative fraction of library reads explained by piRNA clusters sorted by the number of
reads they can explain (orange) and productivity of the same clusters in RPKM of explained

reads (gray).
(b) Highly productive region of chromosome 7.

downstream of the rank 1 cluster, with a small gap of 1.6 kb. This gap overlaps with IT1Md

retrotransposon duplication 8915. The RepeatMasker annotation contains 23,688 insertions of
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